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Excessive nutrient concentrations from the different point and non-point sources are the
main cause of water impairment in the United States. Appropriate management practices,
according to the source and quantity of pollutions, need to be implemented to control excessive
nutrient influx in the water body. Various types of hydrological and water quality models with
diverse function, capability and degree of complexity are employed to quantify watershed
hydrologic processes and nutrient pollution. Multiple models can be applied to a watershed but
suitable model must be selected based on watershed type and simulation need. Two watershedscale models, Soil and Water Assessment Tool (SWAT) and Hydrologic Simulation ProgramFortran (HSPF) were chosen for this study to simulate runoff, sediment yield, and nutrient load
from the Big Sunflower River Watershed (BSRW) of Mississippi. The objectives of this study are
to access the nutrient sources within the watershed, determine the appropriate model to quantify
them, develop and evaluate model considering spatial and temporal variations in input data, and
evaluate the effectiveness of different Best Management Practices (BMPs) on surface runoff,
sediment yield and nutrient load at watershed scale. This study has identified a potential source of
nutrients in BSRW and provided a suitable BMP for its management. Similarly, the study found

both SWAT and HSPF were efficient in the simulation of streamflow, sediment yield and nutrient
load, where SWAT was more efficient during simulation streamflow and sediment yield. Likewise,
the study established that both water-quantity and water-quality are sensitive to the change in
LULC data layers and thus, seasonal LULC data applied to SWAT will better explain variation in
hydrology and water quality as compared to the annual cropland data layer. Moreover, the study
showed that well managed vegetative filter strip was very efficient in reducing sediment yield, TN,
and TP at both field and watershed scale among different BMPs evaluated at field and watershed
scale. This study will be beneficial in developing efficient nutrient management strategy at field
and watershed scale, selecting appropriate model and input according to the need and type of
watershed, and providing further research opportunities to the scientific community.
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CHAPTER I
INTRODUCTION
Nutrients like nitrogen and phosphorus are the essential component of an aquatic
ecosystem which helps in the growth of algae and other aquatic plants. But, excessive
concentration of these nutrients causes severe environmental problems like eutrophication and
harmful algal bloom in waterbody (Bai et al., 2019). These nutrients influx into watershed through
point or non-point sources. Point source includes discharge from communal wastewater treatment
plants (WWTP), industrial WWTP, and urban sewer runoff whereas non-point source includes
percolation of excess fertilizer, herbicide, insecticide, toxic chemicals, sediment, and nutrient from
farm-land, forest, mine, construction site, urban, and land-disposal area (EPA, 2018). These
sources must be identified and quantified before application of any preventive measures and
implementation of suitable management activities.
Watershed models are the most widely used tools for interpretation, quantification and
assessment of various hydrological processes and chemical constituents like rainfall and runoff,
upland soil erosion, stream bed and stream bank erosion, sedimentation, fate and transport of
nutrients, bacteria etc. (Borah, Ahmadisharaf, Padmanabhan, Imen, & Mohamoud, 2018). Though
numerous modelling studies have been conducted, detailed quantification of nutrient has not been
performed for identification of hotspot pollution-area and effective watershed management in
BSRW till date. This study specifically identifies and quantifies sources of nutrient in the BSRW
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that has been identified as “impaired waters” by Federal Clean Water Act due to high levels of
sediment and TP (Dakhlalla et al., 2016; Parajuli et al., 2013).
It is necessary to understand the function, capability, and complexity of different models
and compare their performances to determine a suitable model for simulation of streamflow,
sediment, and nutrient yield from the watershed. Selection of suitable model for a particular study
is governed by the principle objective of study, budget, and availability of input data (Im et al.,
2007). This study compares the performance of SWAT and HSPF models based on their
performance during calibration and validation in simulating streamflow, sediment, and nutrient
yield. Change in land-use and land-cover has a significant impact on the watershed process and
the hydrologic model incorporating spatial and temporal dynamics of land use/land cover can be
effective in the simulation of streamflow, sediment and nutrient yield (Pokhrel, 2018). This study
also assesses the effect of variation in land use and land cover (LULC) input data in surface runoff,
sediment, and nutrient yield from the BSRW.
BMPs like vegetative filter strips, tailwater recovery ponds, check dams, conservation
tillage, critical area planting, nutrient management, etc are the constructed structures or activities
implemented on-farm or stream for the reduction of surface runoff, sediment, nutrients, and
pesticides in the waterbody (Tuppad et al., 2010). Effectiveness of these BMPs in the reduction of
surface runoff, sediment and nutrient yield at field and watershed scale will be analyzed in this
study. The overall goals of this study are to: (1) identify and quantify major sources of nutrients in
the BSRW using SWAT and simulate surface runoff, sediment yield and nutrient loads, (2)
evaluate two different models, SWAT and HSPF, in simulating the effect of BMPs on surface
runoff, sediment yield and nutrient load, (3) analyze the sensitivity of changes in seasonal LULC
data layers to streamflow, sediment yield, and nutrient load, and (4) evaluate the effect of different
2

BMPs on surface runoff, sediment and nutrient yield at watershed scale. Specific project objectives
are described in chapters II, III. IV, and V.
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CHAPTER II
QUANTIFICATION AND SIMULATION OF NUTRIENT SOURCES AT WATERSHED
SCALE IN MISSISSIPPI
2.1

Introduction:
Water pollution is injurious to public health, biodiversity, wildlife, and aesthetic quality of

any watershed. Stream turbidity caused by soil erosion leads to disturbance of ecosystem, loss of
cultivable land, diffusion of toxic contaminant, and decrease in overall quality of water (Risal et
al., 2016). Excessive concentration of nutrients such as nitrogen and phosphorus cause severe
environmental problems like eutrophication and harmful algal bloom in waterbody (Bai et al.,
2018). Globally, about five millions of people die annually due to water-borne diseases (Gleick,
2002). Moreover, water quality deterioration will cause an imbalance in the ecosystem and loss of
biodiversity (Isbell et al., 2013). Water must be free from municipal, industrial, agricultural, and
domestic discharge containing toxic impurities. An excessive amount of nutrient entering
watershed must be minimized through application of preventive measures and practice of suitable
management activities. Before application of such measures, source of nutrient must be identified
and quantified.
There are two major modes of nutrient influx to watershed, point and non-point source.
Point source includes discharge from communal wastewater treatment plants (WWTP), industrial
WWTP, and urban sewer runoff whereas non-point source includes percolation of excess
fertilizer, herbicide, insecticide, toxic chemicals, sediment, and nutrient from farm-land, forest,
5

mine, construction site, urban, and land-disposal area (EPA, 2018). Excessive application of
livestock manure on an agricultural field contributes to nutrient over-enrichment, regarded as
largest source of impairment of rivers, streams, lakes, and reservoirs in the United States (Ciofalo
et al., 2003).
Climate and land-use impact on streamflow, nitrogen, and phosphorus was examined for a
Canadian river basin where change in streamflow was due to climatic variability, whereas change
in nutrient concentration was due to alteration in land-use (Khoury et al., 2015). Lawn fertilizer
and pet waste were considered to be the major source of phosphorus in seven different watersheds
in Minnesota and major portion of those phosphorus were transported through storm-water runoff
contributing to surface-water degradation (Hobbie et al., 2017). Application of livestock manure
on crop-land is considered as an appropriate alternative to harmful chemical fertilizers (Wang et
al., 2018). However, crops cultivated on farm-land are not able to absorb entire manure since they
are incapable of absorbing nitrogen according to the crop nutrient demand (Cassman, Dobermann
and Walters, 2002; Seufert, Ramankutty and Foley, 2012; Clark and Tilman, 2017). Thus,
application of excessive manure on farm-land results in higher nitrogen yield for any watershed.
Excess manure on agricultural field leads to accumulation of phosphorus, loss of nitrates and
nitrites from soil, and contamination of waterbody (Long et al., 2018).
Various types of model have been developed for quantification of flow, sediment, nitrogen,
phosphorus, etc. in pilot, watershed, and regional scale. Generally, these models can be categorized
into three broad groups namely the empirical, conceptual, and physically based models. Empirical
models such as nutrient budget model, export coefficients model, and Spatially Referenced
Regressions On Watershed attributes (SPARROW) model are data oriented model involving
mathematical equations between inputs and outputs and does not consider features and processes
6

of hydrological system (Devia, Ganasri and Dwarakish, 2015). Conceptual model like SWAT
(Arnold et al., 1998), Agricultural Non-Point Source Pollution Model (AGNPS) (Young et al.,
1989), and Hydrological Simulation Program-Fortran (HSPF) (Donigian Jr et al., 1984) uses semi
empirical equations and require several hydrological, meteorological, and management practice
data. Similarly, physically based models like Water Erosion Prediction Project (WEPP) (Flanagan
and Nearing, 1995) and European Soil Erosion Model (EUROSEM) (Morgan et al., 1998) predicts
response of catchment based on information acquired for area of smaller spatial and temporal scale
(Sivapalan et al., 2003). Besides, there are some web-based models such as Web-Based Erosivity
Model (WERM) and Web-Based Erosivity Model-Spatial (WERM-S) which are simple and
convenient to use without any additional software installation requirements (Risal et al., 2016,
2018). These models can help watershed managers to assess different scenarios based on
agricultural operation and best management practices, plan effective management technique, and
take smart decision within a short period of time. Moreover, these models are cost-effective and
are capable of providing insights into natural complex process of any watershed.
A study applying SPARROW at Mississippi River basin near the Gulf of Mexico indicated
that agricultural cultivation was the largest contributor of nitrogen whereas manure application on
pasture and rangelands was the major source of phosphorus (Alexander et al., 2007). Similarly,
Source Load Apportionment Model ( SLAM), developed for nutrient management in one of the
water-source in Ireland, showed that total average annual emissions of phosphorus to surface water
was over 2,700 ton per year and that of nitrogen was 80,000 ton per year (Mockler et al., 2017).
Numerous studies related to nutrient modelling have been conducted in BSRW but detailed
quantification of nutrient has not been performed for identification of hotspot pollution-area and
effective watershed management. Hotspot pollution area are the region that receives
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severe pollution loads from different poin and non point sources. This study specifically identifies
and quantifies sources of nutrient in BSRW that has been identified as “impaired waters” by
Federal Clean Water Act due to high levels of sediment and TP (Dakhlalla et al., 2016; Parajuli et
al., 2013).
Although all the models cannot simulate real world perfectly, some of the models are very
helpful in hydrologic studies. SWAT is one of the popular and appropriate models for simulation
of runoff, sediment, and nutrient under different management scenarios from agricultural
watershed. It is applicable to large watershed containing number of small sub-watersheds and can
be integrated with GIS for further evaluation of agricultural operation and management practices.
SWAT has been used by various researchers and is applied to several watersheds all around the
world (Saleh et al., 2000; Santhi et al., 2001; Behera and Panda, 2006; Maharjan et al., 2013).
Success of SWAT in BSRW to evaluate effect of crop rotation on ground-water storage (Dakhlalla
et al., 2016) and effect of best management practice on tailwater recovery system (Ni and Parajuli,
2018) showed that this model is very suitable to be applied in this study. Specific objective of this
study are to (a) identify nutrient sources in BSRW and quantify them to be used in SWAT, (b)
calibrate and validate SWAT for stream-flow, sediment, TN, and TP, and (c) evaluate different
modelling scenarios based on agricultural operation and best management practices.
2.2
2.2.1

Methods and Methodology
Study Area
BSRW (USGS Hydrologic Unit code: 08030207) is an agricultural watershed located in

north-western part of Mississippi having drainage area of about 10,500 Km2 (Dakhlalla et al.,
2016). It covers area of lower Mississippi River alluvial plain, known as Delta, and falls within the
boundary of 10 different counties in Mississippi. BSRW does not have much topographic
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variability and steep slopes since it is located in the plain area of Mississippi Delta. The location
map of the BSRW is given in Figure 2.1.

Figure 2.1

Map showing the location of Big Sunflower River Watershed, its sub-watersheds,
stream network, major cities, USGS gauges, and wastewater treatment plants
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Total number of urban and rural household within BSRW were 7,138 and 8,953
respectively. Number of rural households falling within 300 meters buffer zone of streams were
1,249 and those falling within 200 meters and 100 meters buffer zone were 932 and 433
respectively.
Soil types found in BSRW were Sharkey, Dowling, Forestdale, Alligator and Dundee.
These soil belongs to soil group C and D of Natural Resources Conservation Service (NRCS) and
have higher percentage of clay and silt that contributes to higher surface runoff (Dakhlalla et al.,
2016). Around 70% of total land use in BSRW was found to be covered by agricultural fields. The
major crops cultivated in those fields were soybean (43%), corn (14%), rice (8%), and cotton (5%).
The land-use distribution of BSRW is shown in Figure 2.2.

Figure 2.2

A pie chart showing land-use distribution of Big Sunflower River Watershed
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Livestock was the second major activity in BSRW and the main farm animals were
chicken, cow, and swine. Total number of cows harnessed in BSRW were 14,300 whereas total
number of chicken and swine were 21,535 and 9,909 respectively. Total number of animals in
different counties was assumed to be proportionally distributed in each sub-basin.
The average annual temperature for the study area was 18 °C and the average annual
precipitation was 1,371 mm (Ouyang, 2012; Gao et al., 2019).
2.2.2

SWAT Model Description
SWAT is a watershed scale model operating on a daily time step and is capable of

simulating effects of agricultural and best management practices on surface and groundwater
quantity and quality (Neitsch et al., 2002). ArcSWAT, an ArcGIS extension and interface for
SWAT was used in this study (ArcSWAT, 2018). SWAT delineates watershed into numerous subbasins using Digital Elevation Model (DEM). It further divides each sub-basin into Hydrological
Response Units (HRU) which is a unique combination of land-use, soil-class, and slope. For each
HRU, specific parameters can be used, different crop rotation and management practices can be
applied, and output can be obtained in the form of surface runoff, sediment, TN, and TP. SWAT
can take nutrient input through organic matter mineralization, nitrogen fixation, nitrate deposition,
fertilizer and manure application, and point source discharge and gives output in the form of TN
and TP load for each HRU, sub-basin, and reach segment.
2.2.3
2.2.3.1

Model Input Data
Basic data
Basic input data for SWAT were DEM, land-use, soil, and meteorological data. DEM of

30 meters by 30 meters spatial resolution was obtained from United States Geological Survey
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(USGS, 2018) and was used to delineate watershed. Land-use data (crop-land data layer) of 30
meters by 30 meters spatial resolution was obtained from United States Department of Agriculture,
National Agricultural Statistics Service (NAAS) (USDA, NASS, 2018). The soil data was
obtained from Soil Survey Geographic (SSURGO) database from NRCS (USDA, NRCS, 2018).
Data on daily precipitation, temperature, relative humidity, and solar radiation were derived from
National Oceanic and Atmospheric Administration (NOAA) (NOAA, 2018) and Global weather
data for SWAT. Date and amount of irrigation for different crops were obtained from Yazoo
Mississippi Delta joint water management district (YMD, 2011).
2.2.3.2

Additional data
Apart from basic input data, natural sources of nutrient from several point and non-point

sources within BSRW were used in SWAT. Major source of nutrient for non-point source pollution
were agricultural runoff containing applied chemical fertilizer, livestock manure and seepage from
septic tanks in rural area of BSRW. Similarly, WWTP and failing septic systems near waterbody
were the key point sources of pollution within BSRW.
2.2.3.2.1

Fertilizer Runoff

Major portion of BSWR was covered by cultivated land and agricultural runoff containing
fertilizer traces from corn, soybean, rice and cotton fields were the major sources of nutrient influx.
Excessive amount of fertilizer applied to increase crop yield exacerbates existing nutrient
imbalance in BSRW. Schedule and amount of fertilizer applied to each crop were obtained from
Mississippi State University Agricultural And Forestry Experiment Station (MAFES, 2018).
Percentage of different crops cultivated in each sub-basin within BSRW was determined using
GIS.
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2.2.3.2.2

Livestock Manure

Manure produced by cow, swine, and chicken was the second major source of pollution
within BSRW. Manure produced by each farm animal and its contribution to nitrogen and
phosphorus yield was analyzed for an individual sub-basin. Average weight of adult cow was taken
as 360 kilograms while that of swine and chicken were taken as 61 kilograms and 1.9 kilograms
respectively (ASAE, 2005). Total dry manure produced by each 452.59 kilograms cow was 26.80
kilograms while nitrogen and phosphorus produced by them were 0.12 kilograms and 0.05
kilograms respectively(ASAE, 2005). Similarly, total dry manure, nitrogen and phosphorus
produced by each 452.59 kilograms swine were 28.63 kilograms, 0.19 kilograms, and 0.0725
kilograms respectively and that produced by the same weight of chickens were 36.28 kilograms,
0.5 kilograms, and 0.154 kilograms respectively (ASAE, 2005). Nitrogen and phosphorus
produced by livestock were used as an input to SWAT. Two separate databases for manure were
created in SWAT to incorporate nitrogen and phosphorus produced by those livestock.
2.2.3.2.3

Human waste from rural population

Rural population in BSRW watershed were assumed to use septic tanks. All rural houses
falling within BSRW were manually digitized using a high-resolution image of 30 centimetres by
30 centimetres obtained from Mississippi Automated Resource Information System (MARIS,
2018). Total number of households within BSRW using septic tank were 8953. 40 % of total septic
tanks within a 300 meters buffer zone of streams were considered as a failing septic system and
were treated as a point source (Coffey et al., 2010). Although distance of 300 meters from the
stream was considered for a buffer zone in baseline scenario, additional scenarios considering 200
meters and 100 meters were developed to analyze effect of a point source in nutrient yield which
is discussed in section 2.6 in this article. Number of households falling within 300 meters, 200
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meters and 100 meters buffer zone of streams within BSRW were 1249, 932 and 433 respectively.
40 % of septic tanks that fall outside buffer zone of streams were treated as non-point source.
2.2.3.2.4

Human waste from urban population

Population living in urban area were assumed to use urban sewer. Population using septic
tank were subtracted from total population in each sub-basin to achieve people using urban sewer
system. Total effluents from public sewer system were not directly discharged into the river.
Instead, a limited amount of nutrient was discharged on a daily basis after treatment of wastewater.
25% of total effluent was considered allowable for each WWTP. Location of WWTPs in BSRW
is shown in Figure 2.1.
2.2.3.3

Model evaluation
Performance of SWAT for simulation of streamflow, sediment, TN and TP was evaluated

using R2 and NSE given by equations 1.1 and 1.2 respectively.
2
𝑁

∑𝑖=1(𝑂𝑖 − 𝑂̅) ∙ (𝑆𝑖 − 𝑆̅)

𝑅2 =
(

√∑

𝑁

(𝑂𝑖 − 𝑂̅)2 ∙ √∑

𝑖=1

𝑁
𝑖=1

(𝑆𝑖 − 𝑆̅)2

)

(3.1)
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∑𝑖=1(𝑂𝑖 − 𝑆𝑖 )2
𝑁

∑𝑖=1(𝑂𝑖 − 𝑂̅)2
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(3.2)

̅ is the mean of observed values, Si is the simulated
Where, Oi is the observed value, O
value, S̅ is the mean of simulated values, and N is the total number of observations considered
during model evaluation. R2 is a measure to show linear relationship between observed and
simulated data and ranges between 0 and 1. If R2 is near 1, model prediction is considered perfect.
Value of NSE ranges from -∞ to 1 where 1 denotes perfect model fitting. NSE greater than 0.75 is
considered good, between 0.36 and 0.75 is considered satisfactory, and below 0.36 is considered
unsatisfied (Nash and Sutcliffe, 1970; Krause, Boyle and Bäse, 2005).
2.2.3.4

Model Calibration and Validation
Calibration and validation were conducted to assess SWAT performance for simulation of

streamflow, sediment, TN, and TP.
2.2.3.4.1

Streamflow

Although the model is calibrated and validated at the watershed outlet, SWAT calibration
and validation was not performed at the outlet of BSRW as observed data were not available at the
watershed outlet due to lack of USGS gauging stations. SWAT was calibrated and validated for
streamflow at sub-basin 5 (Marigold, USGS gauge: 07288280), sub-basin 10 (Sunflower, USGS
gauge: 07288500), and sub-basin 17 (Leland, USGS gauge: 07288500) of BSRW. Calibration was
performed using observed monthly streamflow from 01/2008 to 12/2012 and validation was
performed from 01/2013 to 12/2017. Sequential Uncertainty Fitting (SUFI-2) algorithm inside
SWAT Calibration and Uncertainty Procedures (SWAT-CUP) package was used to calibrate and
validate SWAT for streamflow (Abbaspour, 2013). NSE was chosen as an objective function for
this purpose. SUFI-2 computes P-factor and R-factor to predict model uncertainty where P-factor
is the measured data percentage in 95% uncertainty band obtained through latin hypercube
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sampling and R-factor is the average width of 95% uncertainty band divided by standard deviation
of measured data. (Abbaspour, 2013). Sensitivity analysis was performed to show sensitivity of
parameters in stream flow. T-statistic and P-value obtained from SWAT-CUP were used for
sensitivity analysis. T-statistic shows measure of sensitivity and P-value provides significance of
parameter. If T-statistic for a parameter is high and P-value is low, then that parameter is
considered to have a greater effect on output. Altogether 14 parameters were considered for
calibration of streamflow as shown in Table 2.1.
Table 2.1
Parameter
v_ch_n2.rte
r_cn2.mgt
v_gwqmn.gw
v_surlag.bsn
r_sol_k.sol
v_alpha_bf.gw
v_gw_delay.gw
r_sol_awc.sol
v_gw_revap.gw
v_esco.hru
v_sftmp.bsn
v_ov_n
r_slsubbsn.hru
r_slsoil.hru

Parameters used in streamflow calibration
Minimum Value
0.196643
-0.42094
2376.075
5.270369
-1.05543
0.246215
154.7992
-0.26156
0.021389
0.376339
-7.62285
0.128843
-0.79218
-0.42768

Maximum Value
0.389957
-0.04026
7128.925
13.81263
0.314927
0.748785
462.4678
1.246255
0.140471
1.127159
0.79285
0.242957
0.402678
0.524177

Among those 14 parameters, initial SCS runoff curve number for moisture condition II
(CN2), soil evaporation compensation factor (ESCO), snowfall temperature (SFTMP),
groundwater re-evaporation coefficient (GW_REVAP) and saturated hydraulic conductivity of
soil (SOL_K) having high T-statistic and low P-value were seen most sensitive parameter affecting
stream-flow. CN2 was adjusted by reducing 3 percent and SOL_K by 6 percent from their
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respective initial parameter values. Similarly, adjusted value for ESCO was 0.59, SFTMP was 4.07, and GW_REVAP was 0.11.
2.2.3.4.2

Sediment

SWAT was calibrated and validated for sediment concentration at sub-basin 5, sub-basin
10, and sub-basin 17 of BSRW. Calibration was performed using observed data of daily sediment
concentration collected at every fifteen days from 01/01/2013 to 12/31/2014 and validation was
performed from 01/01//2015 to 12/31/2016. Total of 9 parameters were used for calibration, out
of which 8 parameters were standardized manually but 1 parameter, Universal Soil Loss Equation
(USLE) soil erodibility factor was adjusted based on silt percentage on soil using SUFI-2 algorithm
inside SWAT-CUP (Abbaspour, 2013). Parameters adjusted for calibration of sediment
concentration are given in Table 2.2.
Table 2.2
SN
1
2
3
4
5
6
7
8
9

Parameters used in sediment calibration

Parameter Name
v__usle_p.mgt
v_chcov2.rte
v__ch_cov1.rte
v__spexp.bsn
v__spcon.bsn
v__ch_erodmo(..). rte
r_slsubsn.hru
r_hruslp.hru
r__usle_k().sol

Minimum value
0
-0.001
-0.05
1
0.0001
0
0.2
0.2
0.12

Maximum value
1
1
0.6
2
0.01
1
1
1
1.6

Fitted value for USLE support practice factor (USLE_P) was 0.25, channel cover factor
(CHCOV) was 0.247, exponent parameter for calculating sediment re-entrained in channel
sediment routing (SPEXP) was 1, linear parameter for calculating the maximum amount of
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sediment that can be re-entrained during channel sediment routing (SPCON) was 0.001, and
channel erodibility factor (CH_ERODMO) was 0.3. Average slope length (SLSUBBSN) was
adjusted by multiplying 0.3 and average slope steepness (HRU_SLOPE) by 0.7 to their original
parameter values. USLE soil erodibility factor (USLE_K) was adjusted by multiplying appropriate
constants obtained from SWAT-CUP to existing parameter values according to silt percentage on
soil.
2.2.3.4.3

Total nitrogen (TN):

Calibration TN was also performed at sub-basin 5, sub-basin 10, and sub-basin 17 of
BSRW using observed data of daily TN concentration collected at every fifteen days from
01/01/2013 to 12/31/2014 and validation was performed from 01/01//2015 to 12/31/2016.
Calibration was performed using SUFI-2 algorithm inside SWAT-CUP (Abbaspour, 2013).
Altogether 6 parameters were adjusted for calibration of TN as shown in Table 2.3.
Table 2.3
SN
1
2
3
4
5
6

Parameters used in TN calibration

Parameter Name
v__rcn.bsn
v__nperco.bsn
v__bc3.swq
v__rs3.swq
v__rs4.swq
v__erorgn.hru

Minimum value
-0.881746
-0.090601
0.119666
0.944822
-0.016818
0.5

Maximum value
3.131746
0.655101
0.310334
2.955178
0.063368
5

Adjusted value for concentration of nitrogen in rainfall (RCN) was 0.302, nitrogen
percolation coefficient (NPERCO) was 0.1741, rate constant for hydrolysis of organic nitrogen to
NH4 in reach (BC3) was 0.297, benthic source rate for NH4-N in reach (RS3) was 0.1, rate
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coefficient for organic nitrogen settling in reach (RS4) was 0.018, and organic nitrogen enrichment
ratio (ERORGN) was 4.9775 after calibration.
2.2.3.4.4

Total phosphorus (TP)

Calibration for TP was also performed at sub-basin 5, sub-basin 10, and sub-basin 17 of
BSRW using observed data of daily TP concentration collected at every fifteen days from
01/01/2013 to 12/31/2014 and validation was performed from 01/01//2015 to 12/31/2016. Total of
6 parameters were adjusted to calibrate SWAT using SUFI-2 algorithm inside SWAT-CUP
(Abbaspour, 2013). Parameters adjusted for calibration of TP are given in Table 2.4.
Table 2.4
SN
1
2
3
4
5
6

Parameters used in TP calibration

Parameter Name
v__cmn.bsn
v__phoskd.bsn
v__pperco.bsn
v__bc4.swq
v__rs2.swq
v__rs5.swq

Minimum value
0.001
100
10
0.01
0.005
0.05

Maximum value
0.003
300
15
0.7
0.5
1

Fitted value for humus mineralization rate factor of active organic nutrient (CMN) was 0.002,
phosphorus soil partitioning coefficient (PHOSKD) was 108.59, phosphorus percolation
coefficient (PPERCO) was 14.115, rate constant for decay of organic phosphorus to dissolved
phosphorus (BC4) was 0.406, benthic source rate for dissolved phosphorus in reach (RS2) was
0.1, and organic phosphorus settling rate in reach (RS5) was 0.06045 after calibration.
2.2.3.5

Development of management scenarios
After successful calibration and validation of SWAT for streamflow, sediment, TN, and

TP, different management scenarios were developed and different nutrient management
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alternatives were analyzed. Around 40% of total septic tanks located within 300 meters buffer zone
of streams were considered as a failing septic system in baseline scenario of model simulation
(Coffey et al., 2010). Additional scenarios were developed with buffer width consideration of 200
meters and 100 meters for failing septic system to analyze effect of point source location in nutrient
yield.
Further scenarios were developed considering application of livestock manure in different
agricultural, barren and pastureland. Different management scenarios were developed considering
all manure applied only to existing corn-field, all manure applied only to existing soybean-field,
all manure applied only to existing cotton-field, all manure applied only to existing pastureland,
entire farm-land within BSRW cultivated with corn only and all manure applied to them, entire
farm-land within BSRW cultivated with soybean only and all manure applied to them, and entire
farm-land within BSRW cultivated with cotton only and all manure applied to them. Based on
nitrogen and phosphorus yield form these scenarios, impact of management practices and their
nutrient contribution in BSRW were analyzed. Discussion on impact of different scenarios in
nutrient yield help farmers and watershed-managers for selection of appropriate crops and
implementation of suitable crop rotation practice in agricultural field.
2.2.3.6

Seasonal Analysis
Seasonal analysis was conducted to study variation in streamflow, sediment, TN and TP

according to change in season. Among different weather parameters, precipitation is the major
factor governing flow, sediment and nutrient from watershed. A period of one year was divided
into three seasons according to climatic condition of BSRW (World Climate, 2018). January 15th
to April 30th was regarded as spring, May 1st to September 14th was regarded as summer and
September 15th to January 14th was regarded as fall season. Entire observed data of streamflow,
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sediment, TN, and TP were divided into three seasons and compared with the simulated data for
seasonal analysis. A new set of statistics were obtained for each season by comparing observed
data and simulated output.
2.3
2.3.1

Results and Discussions
Model Calibration and Validation
SWAT was calibrated and validated for streamflow, sediment, TN, and TP at sub-basin 5,

sub-basin 10, and sub-basin 17 of BSRW using both manual and auto calibration techniques.
2.3.1.1

Streamflow
Measured stream flow and simulated flow plotted for calibration and validation period at

sub-basin 5 (Marigold, USGS gauge: 07288280) is given in Figure 2.3.

Figure 2.3

Monthly streamflow calibration (01/2008 to 12/2012) and validation (01/2013 to
09/2017) at sub-basin 5 (Marigold, USGS gauge: 07288280)
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Statistics showed that SWAT performance was very good during calibration and validation
at all three sub-basins. R2 ranged from 0.74 to 0.79 and NSE ranged from 0.71 to 0.83 during
calibration while R2 and NSE ranged from 0.81 to 0.88 and 0.81 to 0.86 respectively during
validation of streamflow. Summary of statistics for streamflow calibration and validation at three
USGS gauging stations are presented in Table 2.5.
Table 2.5

Model performance during streamflow calibration and validation

Station

Calibration
R2
NSE
0.74
0.83
0.79
0.73
0.74
0.71

Marigold (USGS 07288280)
Sunflower (USGS 07288500)
Leland (USGS 07288500)

Validation
R2
NSE
0.81
0.81
0.88
0.80
0.88
0.86

Statistics for model evaluation obtained during calibration and validation of streamflow
were reasonable when compared with previous SWAT studies using R2 and NSE for model
evaluation (Gassman et al., 2007). A comprehensive review of over 250 articles related to
worldwide application of SWAT was performed in order to develop a standard R2 and NSE criteria
to define hydrologic performance of model (Gassman et al., 2007). Statistics suggested that SWAT
was capable of simulating streamflow with higher accuracy.
2.3.1.2

Sediment yield
Measured and simulated sediment concentration at sub-basin 5 (Marigold, USGS gauge:

07288280) is given in Figures 2.4.
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Figure 2.4

Daily sediment calibration (2013 to 2014) and validation (2015 to 2016) at sub-basin
5 (Marigold, USGS gauge: 07288280)

Statistics showed SWAT performance was reasonable during calibration and validation of
sediment at sub-basin 5 and sub-basin 10. However, statistics were on the lower side for sub-basin
17. R2 ranged from 0.32 to 0.44 and NSE ranged from 0.41 to 0.81 during calibration while R2 and
NSE ranged from 0.33 to 0.62 and 0.54 to 0.78 respectively during validation at sub-basin 17.
Summary of statistics for calibration and validation of sediment at three USGS gauging stations
are presented in Table 2.6.
Table 2.6

Summary of statistics for calibration and validation of sediment

Station

Calibration
R2
NSE
0.45
0.41
0.50
0.81
0.33
0.66

Marigold (USGS 07288280)
Sunflower (USGS 07288500)
Leland (USGS 07288500)

23

Validation
R2
NSE
0.63
0.54
0.50
0.78
0.34
0.70

Although overall statistics during calibration and validation of sediment were satisfactory
for all three gauging stations, irrational simulation results were observed for certain period of time
due to error in prediction of peak flow by SWAT (Rostamian et al., 2008). Apart from that, second
storm effect was also responsible for poor simulation of sediment concentration during calibration
and validation (Abbaspour, 2007). In general, SWAT was able to simulate sediment concentration
in BSRW with reasonable accuracy.
2.3.1.3

Total nitrogen (TN)
Measured and simulated TN load at sub-basin 5 (Marigold, USGS gauge: 07288280)

station is given in Figures 2.5.

Figure 2.5

Daily TN calibration (2013 to 2014) and validation (2015 to 2016) at sub-basin 5
(Marigold, USGS gauge: 07288280)

Statistic showed that SWAT performance was good for sub-basin 5 and satisfactory for
other two stations during calibration and validation of SWAT for TN. During calibration, R2
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ranged from 0.37 to 0.91 and NSE ranged from 0.30 to 0.54 and during validation, R2 ranged from
0.67 to 0.84 and NSE ranged from 0.45 to 0.53. Calibration and validation for TN showed adequate
performance in simulation except for some extreme conditions in sub-basin 10 and sub-basin 17.
Summary of statistics for calibration and validation of TN at three sub-basins are presented in
Table 2.7.
Table 2.7

Summary of statistics for calibration and validation of TN

Station

Calibration
R2
NSE

Validation
R2
NSE

Marigold (USGS 07288280)

0.91

0.54

0.79

0.53

Sunflower (USGS 07288500)

0.37

0.49

0.84

0.45

Leland (USGS 07288500)

0.36

0.30

0.67

0.53

From simulation result, in some extreme cases like October 2014 and April 2016, observed
TN was much higher than simulated TN, which was caused probably due to distribution of manure
on limited cultivation field and sudden direct discharge from the field followed by high
precipitation and increased surface runoff (Luscz, Kendall and Hyndman, 2015). However, model
was able to simulate TN satisfactorily from BSRW.
2.3.1.4

Total phosphorus (TP)
Calibration and validation of TP showed satisfactory performance for all three stations.

Measured and simulated TP at sub-basin 5 (Marigold, USGS gauge: 07288280) is given in Figures
2.6.
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Figure 2.6

Daily TP calibration (2013 to 2014) and validation (2015 to 2016) at sub-basin 5
(Marigold, USGS gauge: 07288280)

Statistics showed that SWAT performance was good for all three sub-basins during
calibration and validation of TP. During calibration, R2 ranged from 0.67 to 0.93 and NSE ranged
from 0.27 to 0.45 and during validation, R2 ranged from 0.43 to 0.69 and NSE ranged from 0.38
to 0.64. Summary of statistics during calibration and validation for TP are presented in Table 2.8.
Table 2.8

Summary of statistics for calibration and validation of TP

Station

Calibration
R2
NS

Validation
R2
NS

Marigold (USGS 07288280)

0.67

0.45

0.47

0.42

Sunflower (USGS 07288500)

0.92

0.27

0.69

0.64

Leland (USGS 07288500)

0.93

0.33

0.43

0.38

26

TP simulation had lower NSE values during calibration and validation at all three stations.
Variations on storm events were responsible for poor prediction of TP (Abbaspour, 2007).
However, SWAT was capable of simulating TP from BSRW with reasonable accuracy.
2.3.2

Management Scenarios

2.3.2.1

Performance for simulation of TN
Significant difference was not observed for TN produced by two scenarios, considering

100 meters and 200 meters buffer width for failing septic system. NSE and R2 for both 100 meters
and 200 meters buffer width considerations ranged from 0.48 to 0.67 and 0.68 to 0.89 respectively.
NSE and R2 ranged from 0.47 to 0.54 and 0.56 to 0.85 respectively for baseline scenario
considering 300 meters buffer width for failing septic system.
Among different scenarios considering various agricultural management practices,
application of entire manure on existing soybean field showed the best simulation result producing
NSE ranging from 0.58 to 0.76 and R2 from 0.7 to 0.9. Summary of statistics under different
management scenarios for simulation of TN are presented in Table 2.9.
Table 2.9

Summary of statistics for different simulation scenarios for TN

Scenarios
Baseline (Buffer 300 m)
Buffer 200m
Buffer 100m
Manure on corn field
Manure on pastureland
Manure on Soybean field
All farm - continuous corn
All farm - Continuous soybean
All farm - Continuous cotton

Marigold

Sunflower
2

NSE
0.54
0.67
0.67
0.68
0.68
0.68
0.27
0.76
-0.05

R
0.85
0.89
0.89
0.89
0.89
0.89
0.28
0.90
0.21
27

NSE
0.47
0.48
0.48
0.48
0.48
0.48
0.10
0.58
-0.05

Leland
2

R
0.65
0.78
0.78
0.78
0.78
0.78
0.17
0.80
0.44

NSE
0.51
0.56
0.56
0.56
0.56
0.56
0.18
0.66
-0.03

R2
0.56
0.68
0.68
0.68
0.68
0.68
0.21
0.70
0.36

Amount of daily nitrogen load produced was minimum under the scenario where all
agricultural fields were cultivated with cotton and entire manure was applied to them. Sub-basin 5
produced an average of 433 kilograms nitrogen per day while sub-basin 10 and sub-basin 17
produced an average of 673 kilograms and 369 kilograms of nitrogen per day respectively under
this management scenario.
Amount of nitrogen produced was maximum under the scenario where all agricultural
fields were cultivated with corn and entire manure was applied to them. Sub-basin 5, sub-basin 10,
and sub-basin 17 had an average of 2,894 kilograms, 3,491 kilograms, and 2,589 kilograms of
daily nitrogen production under this management scenario.
Nitrogen yield was also comparatively higher when all agricultural fields were cultivated
with soybean and entire manure was applied to them. Maximum daily nitrogen produced in subbasin 5, sub-basin 10, and sub-basin 17 were 2685 kilograms, 3341 kilograms, and 2500 kilograms
per day. Thus, nitrogen yield was maximum when manure was applied to corn and soybean field
as these two scenarios contributed maximum amount of daily nitrogen from BSRW.
Researchers have mentioned that soybean does not require additional supplement of nitrogen for
its growth and production (Moreno et al., 2018). Nitrogen yield was minimum when entire manure
produced within BSRW were applied on agricultural field cultivated completely with cotton.
Various studies suggest that cotton consumes much nitrogen from soil (Bronson et al., 2018).
2.3.2.2

Performance for simulation of TP:
A substantial difference in amount of TP was not observed between two scenarios

considering 100 meters and 200 meters buffer width for failing septic system. NSE and R2 for 100
meters and 200 meters buffer width considerations ranged from 0.33 to 0.45 and 0.48 to 0.67
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respectively. NSE and R2 ranged from 0.33 to 0.44 and 0.48 to 0.62 respectively for baseline
scenario considering 300 meters buffer width for failing septic system.
Likewise, under agricultural management practice scenarios, application of manure
produced from livestock only on existing soybean field gave the best simulation result. Under this
scenario, NSE ranged from 0.41 to 0.60 and R2 ranged from 0.51 to 0.69. Summary of statistics
under different management scenarios for simulation of TP are presented in Table 2.10.
Table 2.10

Summary of statistics for different simulation scenarios for TP

Scenarios
Baseline (Buffer 300 m)
Buffer 200m
Buffer 100m
Manure on corn field
Manure on pastureland
Manure on Soybean field
Continuous corn
Continuous soybean
Continuous cotton

Marigold
NSE
0.44
0.45
0.45
0.60
0.60
0.60
0.45
0.47
0.45

R2
0.55
0.67
0.67
0.69
0.69
0.69
0.64
0.68
0.53

Sunflower
NSE
R2
0.33
0.62
0.33
0.62
0.33
0.62
0.48
0.66
0.48
0.66
0.48
0.66
0.35
0.61
0.35
0.65
0.30
0.41

Leland
NSE
0.35
0.35
0.35
0.41
0.41
0.41
0.40
0.39
0.30

R2
0.48
0.48
0.48
0.51
0.51
0.51
0.48
0.52
0.35

Phosphorus load was minimum under a scenario where all agricultural fields were
cultivated with only corn and entire manure was applied to them for sub-basin 5 with an average
daily phosphorus production of 1,529 kilograms. However, phosphorus load was minimum under
baseline scenario for sub-basin 10 and sub-basin 17 with an average daily phosphorus production
of 2,220 kilograms and 1,629 kilograms respectively. Maximum amount of phosphorus was
produced under a scenario where entire manure was applied to pastureland for sub-basin 5 and
sub-basin10 with an average daily phosphorus production of 2,031 kilograms and 3,014 kilograms
respectively. However maximum amount of phosphorus was produced when agricultural fields
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were cultivated completely with cotton and manure was applied to them with an average daily
phosphorus production of 1,948 kilograms for sub-basin 17.
Baseline scenario with current watershed management condition produced minimum
phosphorus within BSRW. Thus, it is desirable to apply manure in existing agricultural crop field
for minimum daily influx of phosphorus into waterbody. Similarly, TP available in soil increases
considerably due to continuous application of livestock manure in a soybean field (Reddy, Rao
and Takkar, 1999) due to ability of soybean to accumulate soil phosphorus. Thereby application
of livestock manure on soybean crop was the best practice for reduction of TP into waterbody.
Moreover, serious problem of phosphorus influx into waterbody was observed when entire manure
was dumped on pasture and barren lands. Increase in phosphorus movement in surface water cause
some serious environmental issues such as eutrophication and harmful algal bloom and should be
minimized through agricultural phosphorus management (Daniel et al., 1994, Olsen et al., 2018).
2.3.3
2.3.3.1

Seasonal Analysis
Seasonal Analysis of Streamflow
Since summer observes minimum rainfall in BSRW, average flow was observed least in

summer compared to spring and fall for all three gaging stations. Higher correlation was observed
between rainfall and runoff during summer compared to other two seasons. Correlation coefficient
between rainfall and runoff for three different seasons are shown in Figure 2.7.
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Figure 2.7

Seasonal correlation between of rainfall and runoff at the three USGS gauging
stations of Big Sunflower River Watershed

Though strong correlation was observed between precipitation and runoff during summer
months, statistics were low during dry months. Overall performance was reduced due to inclusion
of summer simulation data for streamflow. Analysis showed a maximum R2 of 0.91 for sub-basin
10 in spring and minimum R2 of 0.68 for sub-basin 5 in summer. Similarly, maximum NSE of 0.89
was observed for sub-basin 10 during spring and minimum NSE of 0.61 for sub-basin 10 during
summer. Overall performance compared to performance of SWAT for specific seasons for three
sub-basins are presented in Table 2.11.
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Table 2.11

Summary of statistics for seasonal analysis of streamflow

Average flow

R-squared

NSE

Marigold

Sunflower

Leland

Marigold

Sunflower

Leland

Marigold

Sunflower

Leland

Overall

21.9

29.3

18.5

0.77

0.83

0.79

0.76

0.77

0.77

Spring

30.11

33.98

21.64

0.89

0.91

0.81

0.87

0.89

0.73

Summer

16.06

23.45

15.00

0.68

0.79

0.87

0.69

0.61

0.77

Fall

19.28

30.22

18.50

0.72

0.81

0.80

0.78

0.76

0.78

2.3.3.2

Seasonal Analysis of Sediment
Unlike streamflow, statistics for seasonal analysis of sediment concentration were higher

for both summer and spring whereas fall had slightly lowered statistic. Analysis indicated
maximum R2 of 0.67 during spring and maximum NSE of 0.56 during summer for sub-basin 10.
SWAT performance for sediment concentration simulation for different seasons for three subbasins is presented in Table 2.12.
Table 2.12

Summary of statistics for seasonal analysis of sediment

Average sediment yield

R-square

NSE

Marigold

Sunflower

Leland

Marigold

Sunflower

Leland

Marigold

Sunflower

Leland

Overall

159.1

164

174.4

0.54

0.48

0.34

0.48

0.38

0.11

Spring

218.6

233.8

240.9

0.54

0.67

0.1

0.41

0.32

-1.7

Summer

156.5

161.0

164.1

0.62

0.65

0.7

0.50

0.56

0.6

Fall

99.5

92.1

101.2

0.51

0.22

0.5

-0.02

-0.74

0.4

2.3.3.3

Seasonal analysis of TN
Maximum R2 of 0.91 and NSE of 0.89 was observed for sub-basin 17 during spring.

Analyzed summary along with overall SWAT performance for TN simulation at three sub-basins
are presented in Table 2.13.
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Table 2.13

Summary of statistics for seasonal analysis of TN

Average TN

R-square

NSE

Marigold

Sunflower

Leland

Marigold

Sunflower

Leland

Marigold

Sunflower

Leland

Overall

5480.9

4764.5

2977

0.39

0.51

0.44

0.19

0.44

0.42

Spring

5002.9

7490.4

3242.3

0.85

0.84

0.91

0.64

0.59

0.89

Summer

745.5

2144.1

266.3

0.60

0.18

0.36

0.49

0.07

-1.03

Fall

12087.3

3850.8

5983.8

0.43

0.08

0.19

0.08

-0.05

0.15

2.3.3.4

Seasonal analysis of TP
Seasonal analysis of TP presented that SWAT performance was good during summer.

Maximum R2 of 0.99 was observed for sub-basin 5 and maximum NSE of 0.69 was observed for
sub-basin 10 during summer. Summary of analysis along with overall model performance for TP
at three sub-basins are presented in Table 2.14.
Table 2.14

Summary of statistics for seasonal analysis of TP

Average TP

R-square

NSE

Marigold

Sunflower

Leland

Marigold

Sunflower

Leland

Marigold

Sunflower

Leland

Overall

3045.6

3741.5

3707.8

0.55

0.52

0.38

0.47

0.47

0.3

Spring

4355.9

4911.5

5173.9

0.47

0.53

0.29

0.38

0.52

0.15

Summer

2039.9

1868.8

1894.2

0.99

0.99

0.98

0.50

0.69

0.38

Fall

2878.1

4733.6

4252.3

0.86

0.75

0.73

0.49

0.36

0.32

2.4

Conclusion
Maximum daily nitrogen was observed when manure was applied to corn and soybean

fields as these crops do not consume much nitrogen from underlying soil (Moreno et al., 2018).
An alternative crop like cotton which consumes more nitrogen from soil can be effective in
reduction of TN (Bronson et al., 2018). Although it is not possible to cultivate entire watershed
with such crops, maximizing cultivation of crops consuming maximum nitrogen is desirable.
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TP in soil increases considerably with continuous application of livestock manure on soybean
field. Since soybean can accumulate soil phosphorus, application of livestock’s manure on soybean
crop is the best practice for reduction of TP from watershed (Reddy, Rao and Takkar, 1999).
Moreover, BSRW does not have much pasture and barren lands, therefore greater problem of
phosphorus influx into waterbody was observed when entire manure was applied on these limited
pasture and barren land. Applying manure in barren and pasture land is generally discouraged to
reduce risk of environmental hazards like eutrophication and harmful algal bloom. Increase in
phosphorus movement into surface can be minimized through agricultural phosphorus
management (Olsen et al., 2018). Livestock manure is thus recommended to be applied on existing
agricultural crop field for minimum daily influx of phosphorus into the waterbody.
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CHAPTER III
EVALUATION OF SWAT AND HSPF MODELS IN SIMULATION OF BMPS IMPACT ON
HYDROLOGY AND WATER QUALITY AT WATERSHED SCALE
3.1

Introduction
Watershed management is very crucial for the protection and conservation of soil and water

resources. Before adopting watershed management strategies, one needs to identify, quantify, and
assess streamflow, sediment load and nutrient transport processes (Risal and Parajuli 2019). Best
Management Practices (BMPs), the structures or the activities that help to maintain water quality
to an environmentally acceptable level, must be evaluated using different hydrologic and water
quality models before implementation in a watershed. These models are the most widely used tools
for the quantification and assessment of runoff, soil erosion, sedimentation, nutrient transport, and
impact of different BMPs in a watershed (Neitsch et al., 2005; Borah et al., 2018). Different
hydrologic and water quality models, with numerous abilities and degree of complexity, are being
used to assess currently implemented management practices and develop new management
strategies (Parajuli et al. 2009; Risal et al. 2016, 2018). Before applying any model to a particular
watershed, it is necessary to understand its capability to represent the real-world scenario. Thus,
the performance of more than one models needs to be assessed and compared to determine a
suitable model for that particular watershed (Abdelwahab et al. 2018; Clark and Tilman 2017;
Parajuli et al. 2009).
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Among different models, SWAT is one of the extensively used models with numerous
applications all around the world in the simulation of runoff, sediment, water quality, and impact
of BMPs (Behera and Panda 2006; Dakhlalla et al. 2016; Maharjan et al. 2013; Ni and Parajuli
2018; Risal and Parajuli 2019; Saleh et al. 2000; Santhi et al. 2001). Similarly, HSPF is another
widely applied model for assessment of water quantity and quality in a variety of watersheds all
over the globe (Im, Brannan and Mostaghimi 2003; Ackerman Schiff and Weisberg 2005; Mishra
Kar and Singh 2007; Ribarova, Ninov and Cooper 2008; Diaz-Ramirez, McAnally and Martin,
2011; Ouyang et at., 2013).
Comparison of SWAT and HSPF, in simulating runoff and sediment yield for the Polecat
Creek watershed in Virginia, indicated that the performance of both the models was satisfactory,
though HSPF performed moderately better than SWAT for higher time-step simulation (Im et al.,
2007). Similarly, Application of SWAT and HSPF, in Delaware Creek and Salt Creek Watersheds
in southwest Oklahoma, indicated that SWAT simulated monthly streamflow better than HSPF
(Van Liew, Arnold and Garbrecht, 2003). Moreover, application of HSPF and the Soil Moisture
Routing (SMR) models with different runoff mechanisms, in the simulation of streamflow at
Irondequoit Creek basin in New York, showed that HSPF simulated winter streamflow slightly
better than SMR, whereas SMR simulated summer flows better than HSPF (Johnson et al., 2003).
Likewise, a study performing a comparison between SWAT and Annualized Agricultural NonPoint Source (AnnAGNPS), during calibration for hydrology, sediment, and total phosphorus at
Red Rock Creek watershed and validation at Goose Creek watershed located in south-central
Kansas, showed that SWAT was the most appropriate model for that watershed (Parajuli et al.
2009). Furthermore, SWAT and HSPF applied to the Illinois River Basin implied that HSPF
performed better in terms of model fit whereas SWAT had the advantage when calibration data
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are lacking or scarce (Xie and Lian, 2013) .SWAT and HSPF, calibrated and verified for Upper
North Bosque River watershed in Texas, indicated that SWAT was better predictor of nutrient
loading than HSPF (Saleh and Du, 2004).
Although numerous studies have been conducted on the comparison of different models in
the past, they were focused on calibration and validation of runoff, sediment, and water quality
(Im et al., 2007; Mishra, Kar and Pandey, 2008). There are limited studies to date that evaluate
models based on the nutrient reduction potential of different BMPs. Since different models may
have a different mechanism and may use different equations for the same BMPs, we need to assess
multiple models for the evaluation of BMPs impact of water quality in a watershed. Thus the
objectives of this study are to (a) compare calibration and validation statistics of SWAT and HSPF
for streamflow, sediment yield, and nutrient load, and (b) evaluate the impact of BMPs on water
quality using SWAT and HSPF models.
3.2
3.2.1

Material and methods
Watershed Description
The Big Sunflower River watershed (BSRW) is one of the major sub-watershed of the

Yazoo River Basin (YRB). It lies between the latitude of 32° 30´N to 34° 25´N and longitude of
91°10´E to 90°13´E and is located at the lower part of Mississippi River alluvial plain (Mississippi
Delta) on the northwestern part of Mississippi (Figure 3.1). It has a drainage area of 10,500 km2
and falls within ten different counties in Mississippi, namely Bolivar, Coahoma, Humphreys,
Issaquena, Leflore, Sharkey, Sunflower, Tallahatchie, Washington, and Yazoo.
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Figure 3.1

Location map of Big Sunflower River Watershed along with the sub-watershed,
river network, major cities and USGS gauging sites.

BSRW is an agricultural region having very high productivity in the Mississippi Delta
because of very fertile soil and longer growing seasons (Gao et al., 2019). The major types of soil
in the watershed are Alligator, Dowling, Dundee, Forestdale, and Sharkey. This watershed has a
subtropical climate with an average annual temperature of 18 °C and annual precipitation of 1371
mm (Ouyang, 2012; Gao et al., 2019). The majority (70%) of land within the watershed is covered
by farmland and the dominant crops are soybean(43%), corn (14%), rice (8%), and cotton (5%).
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3.2.2

SWAT model description
Soil and Water Assessment Tool (SWAT), physically-based continuous-time simulation

model, is capable of simulating surface runoff, sediment yield, nutrient load, and impact of
different BMPs for each Hydrologic Response Unit (HRU), sub-basin, and reach segment within
a watershed (Neitsch et al., 2002). It is one of the extensively used models having numerous
applications in various watersheds (Gassman et al., 2007; Gitau, Gburek and Bishop, 2008;
Dakhlalla et al., 2016; Merriman et al., 2018; Ni and Parajuli, 2018; Risal et al., 2020). SWAT
can be applied in prediction of long-term impacts of agricultural and management practice in the
basin and thus can be helpful for assessment of the performance of different BMPs and alternative
management policies. The schematic diagram showing the input and output of SWAT is given in
Figure 3.2.

Figure 3.2

Schematic diagram showing the required input, management operation and output
of the SWAT model
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3.2.3

HSPF model description
The HSPF is one of the core watershed models in the United States Environment Protection

Agency (EPA) Better Assessment Science Integrating Point and Nonpoint Sources (BASINS) and
Army Corps Watershed Modelling System (WMS). It is a continuous simulation, distributed
parameter watershed scale model capable of simulating surface and subsurface runoff, sediment
loading, runoff quality, nutrient transport, and benthic process from various land surfaces, soil and
within streams under different climatic conditions (Kim et al. 2007; Mishra et al. 2007).
HSPF is fully integrated into BASINS through the WinHSPF interface, a windows interface to
HSPF (Duda et al., 2012). The data preparation and modelling steps of HSPF using BASIN and
external sources are explained in Figure 3.3.
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Figure 3.3
3.2.4

Figure 3. A schematic diagram showing the application of BASIN and external
sources in HSPF simulation

Data
Topographic, land-use and land-cover, and soil data required by SWAT and HSPF were

obtained through various national agencies and generated using the BASINS 4.5. For SWAT,
DEM was downloaded from the United States Geological Survey (USGS, 2018), land-use and land
cover data layer from United States Department of Agriculture (USDA), National Agricultural
Statistics Service (NASS, 2018) and soil data from USDA NRCS (NRCS, 2018). Similarly, for
HSPF, DEM and Geographic Information Retrieval and Analysis System (GIRAS) Land use data
layer were downloaded using BASINS 4.5.
Daily precipitation, maximum and minimum temperature, relative humidity, wind speed
and solar radiation as required by SWAT was derived from the website of National Oceanic and
Atmospheric Administration (NOAA) (NOAA, 2018). Likewise, hourly time-series of
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precipitation, temperature, potential evapotranspiration, solar radiation, wind speed, cloud cover
and dewpoint temperature as required by HSPF were obtained from the Delta Agricultural Weather
Center, Mississippi State University Extension Service and formatted as a watershed data
management (WDM) file using WDM utility program in BASINS. Necessary data on agricultural
management practices such as plantation, harvest, irrigation, tillage, manure application, pesticide
application on different crops like corn, soybean, cotton, and rice were supplied by the Yazoo
Mississippi Delta (YMD) Joint Water Management District (YMD, 2011).
Observed daily stream-flow data from 2005 to 2016 was obtained from the website of
USGS(USGS, 2020) for three gauging stations: Marigold, Sunflower and Leland. The data was
used for the Calibration ( 2005 to 2010) and validation (2011 to 2016) of both SWAT and HSPF.
Similarly, the observed data for sediment yield, TN and TP near USGS gauging stations were
obtained every 15 days from 2013 to 2016 from the monitoring sites near gauging station.
Calibration of SWAT and HSPF for sediment yield, TN, and TP was conducted from 2013 to 2014
and validation was conducted from 2015 to 2016.
3.2.5
3.2.5.1

BMPs Scenarios
Vegetative Filter Strip (VFS)
Vegetative filter strip (VFS), a vegetated area between the water body and cultivated land,

is capable of reducing sediment, TN, and TP at the outlet of the watershed by slowing runoff,
settling sediments and absorbing nutrients. VFS was simulated using both SWAT and HSPF to
compare the reduction potential of the nutrients. SWAT simulates VFS effects using a very
simplified equation based on the width of the strip given in Equation 3.1 (Neitsch et al., 2005).
𝑡𝑟𝑎𝑝𝑒𝑓𝑓 = 0.367 ∙ (𝐹𝐼𝐿𝑇𝐸𝑅𝑊)0.2967
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(3.1)

Where trapeff is sediment trapping efficiency and FILTERW is the width of the vegetative
filter strip in meters.
HSPF uses a unique module called BMPRAC (Best Management Practice Evaluation) and
uses recommended removal fractions for different pollutants based on documented studies
conducted in diverse conditions (Xie, Chen and Shen, 2015).
VFS was applied to the edge of agricultural fields using both SWAT and HSPF in order to
compare their reduction potential for TN and TP. For SWAT simulation of VFS, The width of the
filter strip was taken as 10 meters as the sediment trapping efficiency of 91.3% was achieved for
this length based on 181 events from 16 studies all around the world (Luo, 2019). Similarly, the
VFS management operation parameters such as a fraction of total runoff from the entire field
entering most concentrated 10 % of VFS (VFSCON), field area to VFS area ratio (VFSRATIO),
and a fraction of flow through the most concentrated 10% of channelized VFS (VFSCH) were set
to the recommended value of 0.5, 50 and 0 (Waidler et al., 2011). For the HSPF simulation of
VFS, the default recommended removal fraction for different constituents were used (USEPA,
2003).
3.2.5.2

Tailwater Recovery Pond (TRP)
Tailwater recovery pond (TRP), an artificial impoundment constructed within the

watershed, is capable of reducing sediment, TN, and TP through the settlement of sediment and
associated nutrients from runoff. Effect of the TRP in the reduction of TN and TP from the
watershed was simulated using both SWAT and HSPF.
The SWAT model has different modules for simulation of landscape depressions like a
pothole, pond, and wetland (Neitsch et al., 2002; Mekonnen, Mazurek and Putz, 2016). The
equations and processes used in SWAT for modelling pond and wetlands are similar (Arnold et
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al., 2012). The conceptual pond module of SWAT was used to simulate TRP in our watershed.
For the pond and wetland modeule, the SWAT mass balance equation (Neitsch et al., 2005) was
rewritten as Equation 3.2 (Rahman, Thompson and Flower, 2016).
𝑆𝑖 = 𝑆𝑖−1 + (𝑃 + 𝑄𝑠𝑢𝑟 + 𝑄𝑙𝑎𝑡 )𝑝𝑜𝑛,𝑖𝑛 − (𝐸 + 𝑄𝑐ℎ&𝑝𝑜𝑛 + 𝑄𝑝𝑜𝑛&𝑎𝑞 )𝑝𝑜𝑛,𝑜𝑢𝑡

(3.2)

Where S is pond water storage, P is the precipitation, E is the evapotranspiration, Qsur is
surface runoff and Qlat is a lateral subsurface runoff, Qch&pon is the discharge of water from the
pond and to the river, Qpon&aq is the discharge of water from the pond to the aquifer.
A pond of varying dimension was placed in each sub-watershed according to the actual
percentage of open water in each sub-watershed. Sub-watershed 16 had the highest percentage (10
%) and sub-watershed 9 had the lowest percentage (1.2%) of open water. The pond parameters
such as fraction of sub-basin draining into pond (PND-FR), surface area of pond when filled to
principle spillway (PND_PSA), volume of water needed to fill pond to the principle spillway
(PND_PVOL), initial volume of water in pond (PND_VOL), and number of days to reach target
storage (NDTARG) were adjusted for each sub-watershed according to percentage of open water
in each subbasin.
The HSPF model considers user-defined removal fractions for different pollutants based on
previous studies for the simulation BMPs’ effect in the watershed (Xie et al. 2015). The
recommended removal fraction for different constituents within the HSPF model with application
of constructed wetland was used to simulate effect of TRP in the reduction of nutrients from the
watershed. (USEPA, 2003).
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3.2.6

Model Evaluation
Performance of SWAT and HSPF during the calibration and validation of streamflow,

sediment, TN and TP was evaluated using NSE and R2. NSE, also known as efficiency index is
one of the reliable and widely used statistics for assessing the goodness of fit of hydrologic models.
NSE is given in Equation 3.3 (Nash and Sutcliffe, 1970).
𝑁

𝑁𝑆𝐸 = 1 −

∑𝑖=1(𝑂𝑖 − 𝑆𝑖 )2

(3.3)

𝑁
∑𝑖=1(𝑂𝑖 − 𝑂̅)2

Where Oi is the observed value, Si is the simulated value, 𝑂̅ is the average of observed
values, and N is the total number of observations. The value of NSE ranges from -∞ to 1. NSE
value near 1 refers to a good fit of the model. Generally, NSE value of 1 is perfect, NSE greater
than 0.75 is considered good, between 0.36 and 0.75 is considered satisfactory, and below 0.36 is
considered unsatisfactory in hydrological modelling (Nash and Sutcliffe, 1970; Krause, Boyle and
Bäse, 2005).
Coefficient of determination denoted as R2 is another widely used statistics that estimate
dispersal of the observed and predicted data. In other words, it is a measure to show a linear
relationship between observed and simulated data. R2 is given by Equation 3.4 (Draper and Smith,
1966).
2
𝑁

∑𝑖=1(𝑂𝑖 − 𝑂̅) ∙ (𝑆𝑖 − 𝑆̅)

𝑅2 =
(

𝑁
𝑁
√∑𝑖=1(𝑂𝑖 − 𝑂̅)2 ∙ √∑𝑖=1(𝑆𝑖 − 𝑆̅)2

(3.4)
)

Where Oi is the observed value, 𝑂̅ is the average of observed values, Si is the simulated
value and 𝑆̅ is the average of simulated values and N is the total number of observations. The value
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of R2 ranges from 0 to 1 and R2 value of 0 means no correlation at all between observed and
simulated data whereas R2 value of 1 refers that the dispersion of the simulated data is equal to that
of the observed data (Krause, Boyle and Bäse, 2005).
3.2.7
3.2.7.1

Model Calibration and Validation
Streamflow
Both SWAT and HSPF were calibrated for streamflow at the outlet of sub-watersheds 5,

10 and 17 of BSRW, using monthly streamflow data of USGS gauges: Marigold (gauge:
07288280), Sunflower, (gauge: 07288500), and Leland (gauge: 07288500) respectively, from
January 2005 to December 2010. For the calibration of SWAT for streamflow, Sequential
Uncertainty Fitting (SUFI-2) algorithm inside SWAT Calibration and Uncertainty Procedures
(SWAT-CUP) package was applied (Abbaspour, 2007). 14 parameters were used during SWAT
calibration of streamflow, among which the parameters runoff curve number (CN2), saturated
hydraulic conductivity of soil (SOL_K), snowfall temperature (SFTMP), soil evaporation
compensation factor (ESCO) were the sensitive(Risal and Parajuli, 2019). The calibration of HSPF
was performed manually varying parameters as shown in Table 3.1. Validation of SWAT and
HSPF were performed using monthly streamflow from January 2011 to December 2016.
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Table 3.1

HSPF parameters used for the calibration of streamflow in Big Sunflower
River Watershed

Parameter

Description
Lower zone nominal soil moisture
storage (inch)
Index to infiltration capacity
(inch/hour)
Manning's n (roughness) for
overland flow
Base groundwater recession
Fraction of groundwater inflow to
deep recharge
Fraction of remaining
evapotranspiration from base flow
Upper zone nominal soil moisture
storage

LZSN
INFILT
NSUR
AGWRC
DEEPFR
BASETP
UZSN

3.2.7.2

Lower
Range

Upper
Range

Fitted value

2

15

3.5

0.01

1

0.1

0.05

0.5

0.02

0.92

0.99

0.6

0

5

0

0

0.2

0.2

0.05

2

2

Sediment
SWAT and HSPF were calibrated for sediment yield at the outlet of sub-watersheds 5, 10

and 17 of BSRW, using sediment concentration data collected every 15 days near Marigold,
Sunflower, and Leland USGS gauges. SWAT was calibrated for sediment yield using 9 parameters
among which the parameter: USLE soil erodibility factor (USLE_K) was sensitive and was
adjusted according to silt percentage in soil (Risal and Parajuli, 2019). HSPF was calibrated for
the sediment yield manually varying 7 parameters as shown in Table 3.2. Calibration of both the
SWAT and HSPF were conducted from 2013 to 2014 and validation was conducted from 2015 to
2016.
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Table 3.2

Parameter
SMPF
KGER
JGER
AFFIX

COVER
KSER
JSER

3.2.7.3

HSPF parameters used for the calibration of sediment yield in Big Sunflower
River Watershed
Description
Supporting management
practice factor
Coefficient in the soil matrix
scour equation, simulates
gulley erosion
Exponent in the soil matrix
scour equation
Fraction by which detached
sediment storage decreases
each day as a result of soil
properties
Fraction of land surface which
is shielded from erosion by
rainfall
Coefficient in the detached
sediment wash off equation
Exponent in the detached
sediment wash off equation

Minimum
value

Maximum
value

Fitted
value

0

1

1

0

10

0.1

1

5

0.8

0.01

0.5

0.0080.01

0.0

0.98

0.03

1

10

0.1-0.6

1

3

2

Total Nitrogen (TN)
Calibration of SWAT and HSPF for TN were also performed at the outlets of sub-

watersheds 5, 10 and 17 of BSRW using TN concentration data from 2013 to 2014 collected every
15 days. SWAT was calibrated for TN using 6 parameters, among which, the parameters:
concentration of nitrogen in rainfall (RCN), and the nitrogen percolation coefficient (NPERCO)
were more sensitive(Risal et al., 2020). HSPF was calibrated for TN manually varying 6
parameters as shown in Table 2.3. Both SWAT and HSPF were validated for TN from 2015 to
2016.
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Table 3.3

HSPF Parameters used for the calibration of Total Nitrogen load in Big
Sunflower River Watershed

Parameter

Description

Minimum
value

Maximum
value

Fitted
value

KTAM20

Nitrification rates of ammonia

0.006

0.9

0.75

0.001

0.1

0.1

1.03

10.7

1.04

0.001

0.6

0.08

1.02

1.04

1.07

1.5

10

25

KTN02220
TCNIT
KNO320
TCDEN
DENOXT

3.2.7.4

Nitrification rates of ammonia and
nitrite
Temperature correction coefficient
for nitrification
Nitrate Denitrification rate and 20°
C
Temperature correction coefficient
for denitrification
Dissolved oxygen concentration
threshold for denitrification

Total Phosphorous (TP)
Calibration of SWAT and HSPF for TP were performed at the outlets of sub-watersheds 5,

10 and 17 of BSRW using TP concentration data collected every 15 days from 2013 to 2014.
SWAT was calibrated for TP using 6 parameters, among which, the parameters: phosphorus
percolation coefficient (PPERCO), phosphorus soil partitioning coefficient (PHOSKD) and rate
constant for decay of organic phosphorus to dissolved phosphorus (BC4) were more sensitive
(Risal et al., 2020). HSPF was calibrated for TP manually varying 5 parameters as shown in Table
3.4 Both SWAT and HSPF were validated for TP from 2015 to 2016.
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Table 3.4

HSPF parameters used for the calibration of total phosphorous load in Big
Sunflower River Watershed

Parameter

Description

Minimum
value

Maximum
value

Fitted
value

KIMP

Phosphate immobilization factor

0

-

5

KDSP

Phosphate desorption factor

0

-

0.9

KADP

Phosphate adsorption factor

0

-

1.5

POTFW

The wash off potency factor for a
QUALSD. A potency factor is the
ratio of constituent yield to
sediment (wash off or scour)
outflow

0.005

1

0.001

WSQOP

The rate of surface runoff that will
remove 90 percent of stored
QUALOF per hour

0.01

-

0.03

3.3
3.3.1
3.3.1.1

Results and Discussion
Comparison of calibration and validation statistics
Streamflow
Both SWAT and HSPF showed reasonable performance during their calibration and

validation for streamflow. NSE and R2 for SWAT during calibration of streamflow ranged from
0.71 to 0.76 and 0.74 to 0.81 respectively and that for HSPF ranged from 0.38 to 0.59 and 0.44 to
0.66 respectively. Similarly, during validation of SWAT for streamflow, NSE ranged from 0.48 to
0.70 and R2 ranged from 0.74 to 0.84 and during validation of HSPF for streamflow, NSE ranged
from 0.39 to 0.55 and R2 ranged from 0.47 to 0.65. The summary of statistics for calibration and
validation of SWAT and HSPF for streamflow at three USGS gauge stations are presented in
Figure 3.4. From the comparison of observed and simulated monthly runoff by SWAT and HSPF,
it was observed that that there were minimal differences between simulated runoff by these two
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models. The simulated value from both the models showed good agreement with observed value
for both calibration and validation period for monthly runoff. However, based on the calibration
and validation statistics, the simulation of monthly surface runoff by SWAT was slightly accurate
than that by HSPF.
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Figure 3.4

Observed and simulated monthly runoff during the calibration and validation of
SWAT at Sunflower, Marigold and Leland stations
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The modelling results for the simulation of runoff from various SWAT and HSPF studies
conducted around the globe are not uniform. The application of SWAT and HSPF to the Delaware
Creek and Salt Creek Watersheds within Little Washita River Experimental Watershed in
southwest Oklahoma suggested that that SWAT with NSE of 0.89 did a better job in estimating
monthly streamflow that HSPF with NSE of 0.68 (Van Liew, Arnold and Garbrecht, 2003).
Comparison of SWAT and HSPF during calibration and validation of monthly runoff at several
sites within Upper North Bosque River watershed, Texas indicated that the trends of measured
and predicted monthly flow for HSPF were closer with NSE of 0.91 and 0.86 than that for SWAT
with NSE of 0.50 and 0.78 respectively (Saleh and Du 2004). Similarly, HSPF was found to have
better statistics during calibration and validation of monthly runoff with the mean error (ME)
ranging from −4.05 mm to 1.88 mm, root mean square error (RMSE) ranging from 11.05 mm to
14.88 mm, and r-value ranging from 0.87 to 0.89 whereas for SWAT, ME ranged from -0.66 to
0.11, RMSE ranged from 14.89 to 19.96, and r-value ranged from 0.81 to 0.84 (Im et al., 2007).
3.3.1.2

Sediment yield
NSE and R2 for SWAT during sediment calibration ranged from 0.41 to 0.81 and 0.33 to

0.50, respectively and that for HSPF ranged from 0.32 to 0.43 and 0.39 to 0.53, respectively.
Similarly, during validation of SWAT for sediment yield, NSE ranged from 0.54 to 0.78 and R2
ranged from 0.34 to 0.63 and during validation of HSPF for sediment yield, NSE ranged from 0.34
to 0.48 and R2 ranged from 0.35 to 0.50. The summary of statistics for calibration and validation
of SWAT and HSPF for sediment yield at three USGS gauge stations are given in Figure 3.5. From
the comparison of observed and simulated sediment yield by SWAT and HSPF, it was observed
that that there were nominal differences between simulated sediment yield by these two models.
The simulated value from both the models showed good agreement with observed value during
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calibration and validation period. However, for the sediment concentration above 300 mg/l, HSPF
overpredicted some higher values for all three monitoring stations. According to the calibration
and validation statistics, SWAT simulated sediment yield was more efficient than HSPF simulated
sediment yield.
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Figure 3.5

Observed and simulated sediment yield during the calibration and validation of
SWAT at Sunflower, Marigold and Leland stations
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Calibration and validation of sediment yield for different modelling studies conducted at
different watersheds vary greatly. SWAT model was found to be effective model than HSPF for
simulation of sediment yield for a study conducted at small watershed located in a subtropical
region of India where NSE for SWAT ranged from 0.82 to 0.98 during calibration and 0.58 to
0.89 during validation (Mishra, Froebrich and Gassman, 2007) while for similar HSPF study, NSE
during calibration was 0.71 and during validation, NSE ranged from 0.68 to 0.90 (Mishra, Kar and
Singh, 2007). While other study conducted at watershed located in central Texas indicated that
HSPF is a better model to simulate sediment yield than SWAT based on their modelling result
where NSE ranged from 0.72 to 0.88 for HSPF, and 0.83 to 0.59 for SWAT during the calibration
and validation period respectively (Saleh and Du 2004).
3.3.1.3

Total nitrogen (TN)
NSE and R2 for SWAT during calibration of TN ranged from 0.30 to 0.54 and 0.32 to 0.85

respectively and that for HSPF ranged from 0.32 to 0.85 and 0.66 to 0.85 respectively. Similarly,
during validation of SWAT for TN, NSE ranged from 0.45 to 0.53 and R 2 ranged from 0.67 to
0.84 and during validation of HSPF for TN, NSE ranged from 0.26 to 0.55 and R2 ranged from
0.28 to 0.85. The summary of statistics for calibration and validation of SWAT and HSPF for TN
at three USGS gauge stations are presented in Figure 3.6. From the comparison of observed and
simulated TN by SWAT and HSPF, both the models agreed with the observed TN data with
satisfactory statistics. However, calibration and validation statistics suggest that HSPF simulated
TN more efficiently than SWAT.
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Figure 3.6

Observed and simulated TN yield during the calibration and validation of SWAT at
Sunflower, Marigold and Leland stations.

62

Comparison of SWAT and HSPF during calibrated and validation for a watershed having
high dairy production in Texas indicated that SWAT predicted TN loading better with higher
accuracy (ME ranging from -1.1 to 40.4) than HSPF (ME ranging from -2 to -86.9) (Saleh and
Du, 2004).
3.3.1.4

Total phosphorous (TP)
NSE and R2 for SWAT during calibration of TP ranged from 0.27 to 0.45 and 0.67 to 0.93

respectively and that for HSPF ranged from 0.37 to 0.67 and 0.38 to 0.78 respectively. Similarly,
during validation of SWAT for TN, NSE ranged from 0.38 to 0.42 and R 2 ranged from 0.43 to
0.69 and during validation of HSPF for TN, NSE ranged from 0.19 to 0.52 and R2 ranged from
0.31 to 0.60. The summary of statistics for calibration and validation of SWAT and HSPF for TP
at three USGS gauge stations are given in Figure 3.7. From the comparison of observed and
simulated TP concentration by SWAT and HSPF, it was observed that both the models agreed
with observed TP concentration values with satisfactory statistics. However, HSPF simulated TP
more accurately than SWAT based on calibration and validation statistics.
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Figure 3.7

Observed and Simulated TP during its calibration and validation at Sunflower,
Marigold and Leland stations.
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Calibration and validation statistics for SWAT and HSPF for Upper North Bosque River
watershed (UNBRW in Texas showed that SWAT is a better predictor of TP with mean eror
ranging from -1.6 to 17.3 than HSPF with mean error ranging from -2 to -86.9) (Saleh and Du
2004).
3.3.2
3.3.2.1

Effectiveness of BMP
Vegetative Filter Strip (VFS)
The percentage reduction in the concentration of sediment, TN, and TP after application of

VFS to the agricultural lands within BSRW was not similar for two models as HSPF showed lower
reduction rate than SWAT for VFS in BSRW. Reduction of surface runoff for VFS for both SWAT
and HSPF were less than 1%. Reduction in sediment by VFS using SWAT ranged from 22% to
30% and that using HSPF ranged from 38% to 39%. Similarly, the concentration of TN reduced
after implication of VFS to the agricultural fields using SWAT and HSPF ranged from 33% to
70% and 23 to 26% respectively. Likewise, the reduction in concentration of TP after the
implication of VFS using SWAT and HSPF ranged from 54% to 58%, and 30% to 33%
respectively. The percentage reduction of Sediment, TN and TP at three sub-watersheds after
implication of VFS using SWAT and HSPF are presented in Figure 3.8.
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Figure 3.8

Reduction in sediment yield, TN, and TP at subbasin 5, subbasin 10 and subbasin
17 after the implication of vegetative filter strip (VFS) in the watershed.

SWAT uses simplistic equation based on only the width of VFS, assuming the flow and
sediment are coming only from an agricultural field (Neitsch et al., 2005; Park et al., 2011) and
HSPF uses user-defined removal fractions for different pollutants based on previous studies. The
VFS simulation module of both the models has some limitations- such as the spatial location of
VFS is not considered and its efficiency is based only on the VFS width in SWAT (Park et al.,
2011) and the user-defined fraction used in HSPF may not represent effective application of BMPs
leading to very basic results. (Xie et al. 2015).
The implication of VFS of varying widths in HSPF for the Upper Little Miami River basin
in Ohio, USA had indicated that these VFS were able to reduce the TN by 2.9% to 6.1%, and TP
by 3.2 to 7.8% (Liu and Tong, 2011). Modification in SWAT model was performed to enhance
the physical representation of VFS by improvement in the representation of ecohydrological
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processes and land management practices and its verification conducted at central Iowa showed
54% reduction in TN and 83% reduction in TP after application of VFS (Cibin et al., 2018).
Nutrient reduction potential due to the application of VFS in HSPF was always seen lower than
that of in SWAT. Although very few research has been performed to explore impact of VFS on
pesticide and pathogens, based on the current research, SWAT is found to be a better alternative
to other models like HSPF, AnnAGNPS, and VFSMOD for assessment of VFSs since empirical
equation of SWAT considering the only width of filter strip has been improved by incorporating
different modelling results and field experiments but other models have not been modified (Xie et
al. 2015).
3.3.2.2

Tailwater Recovery Pond (TRP)

The sediment, TN and TP reduction by TRP for SWAT and HSPF were not similar as SWAT
showed a lower reduction rate for sediment and nutrients than HSPF when TRP was implied in
BSRW. Reduction of surface runoff by application of TRP in both the models were less than 1%.
Reduction in sediment by TRP using SWAT and HSPF ranged from 17% to 25% and 18% to 43%
respectively. Implication of TRP using SWAT reduced the concentration of TN and TP by 6% to
7% and 1% to 2% respectively. Likewise, application of TRP using HSPF reduced concentration
of TN and TP by 0.3% to 0.9 % and 0.9% to 1% respectively. The percentage reduction in
Sediment, TN, and TP at three sub-watersheds after implication of TRP using SWAT and HSPF
are presented in Figure 3.9.
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Figure 3.9

Reduction in sediment yield, TN, and TP at subbasin 5, subbasin 10 and subbasin
17 after the implication of Tailwater Recovery Pond (TRP) in the watershed

The difference in reduction potential for two models is probably because of their limitation
in simulating the effect of TRP. Pond module used in SWAT considers a single equivalent pond
for each sub-basin as an aggregation of all the TRPs within that sub-basin such that all the water
is stored in the single virtual pond (Mekonnen, Mazurek and Putz, 2016). Similarly, HSPF
considers user-defined removal fractions for different pollutants based on previous studies but does
not considers other physical characteristics of the pond (Xie et al. 2015).
The effect of TRP was examined in BSRW using SWAT model which showed that it
helped to reduce sediment yield up to 20% (Ni and Parajuli, 2018). Effect of sediment pond was
examined for Orestimba Creek Watershed in California using SWAT and found that sediment load
was reduced by about 58% and dissolved phosphorous coming out of pesticides such as
chlorpyrifos and diazinon was reduced by less than 10% (Zhang and Zhang, 2011). Effect of
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storage pond was examined for the site located in Middle Tombigbee-Lubbub watershed,
Mississippi, which showed they can be effective in storm runoff control and nutrient load reduction
(Karki, Tagert and Paz, 2018). SWAT was modified through the incorporation of nutrient in TRPs
and the nutrient removal by TRPs before entering the main channel was evaluated (Luo and Zhang,
2009). Though the HSPF studies using TRP as a BMP to reduce nutrients from the watershed are
not documented.
3.4

Conclusion

The overall statistics for calibration and validation of SWAT and HSPF suggested that both the
models were capable of simulating streamflow, sediment yield, TN and TP concentration with
reasonable model efficiency. During the simulation of streamflow, NSE and R2 ranged from 0.41
to 0.81 and 0.33 to 0.84 respectively for SWAT while NSE ranged from 0.32 to 0.59 and R2 ranged
from 0.35 to 0.66 for HSPF. Similarly during simulation of TN and TP, NSE and R2 ranged from
0.19 to 0.85 and 0.28 to 0.85 respectively for HSPF while NSE and R2 ranged from 0.27 to 0.64
and 0.36 to 0.93 respectively for SWAT. In general, SWAT showed better performance during
simulation of surface runoff and sediment yield and HSPF performed better during simulation of
nutrient load according to the calibration and validation statistics. Apart from the statistics obtained
during calibration and validation, additional factors such as equations used in the model,
availability of input data, parameters used, and ease of model interface should also be considered
in selecting appropriate model for each watershed. SWAT uses curve number method for the
simulation of runoff while HSPF uses a Storage Routing technique to route water in each reach.
SWAT is a very user-friendly model in comparison to HSPF (Im, Brannan and Mostaghimi, 2003)
as it has an ArcGIS extension and interface called ArcSWAT (ArcSWAT, 2018) which is
comparatively easier to use than HSPF. Apart from that, most of the parameters in SWAT can be
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generated from GIS data and can be easily adjusted within ArcSWAT. On the other hand, HSPF
includes a lot of empirical parameters to represent the hydrologic cycle, sediment loss and nutrient
transport and the calibration of these parameters in HSPF is very time-consuming. The parameters
in both SWAT and HSPF are assigned using their respective automatic parameterization routines.
Because of extensive parameterization, both the models are extremely complex as well as flexible.
During the evaluation of BMPs, SWAT had higher reduction rate for sediment, TN and TP
ranging from 17% to 30%, 6% to 70 %, and 1% to 58% respectively after implementation of BMPs
(VFS and TRP) than HSPF whose reduction rate for sediment, TN and TP ranged from 18 to 43%,
5 to 26 % and 14 to 33 % respectively. The difference in simulation result of same BMPs for two
Different models was mainly due to the differences in equations, mechanisms and parameters used
in the models.For example: SWAT uses SCS runoff curve number method to estimate surface
runoff while HSPF used the infiltration equation for the estimation of surface runoff (Van Liew,
Arnold and Garbrecht, 2003). Similarly, a simplified equation based on width of the filter strip is
used in SWAT to estimate sediment trapping efficiency of VFS (Neitsch et al., 2005) while HSPF
uses the unique module called BMPRAC and pre-determined removal fractions for different
pollutants to estimate the effect of different BMPs (Xie, Chen and Shen, 2015). In the same way,
effect of TRP in SWAT is estimated using pond module based on mass balance equation whereas
in HSPF, it is evaluated using the BMPRAC module based on removal fractions for different
pollutants.
The case study determined SWAT was more appropriate model than HSPF for the BSRW
based on calibration and validation statistics and performance of BMPs in reduction of sediment
yield and nutrient load. The results from this case study can be beneficial to other modelers and
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end-users in selecting appropriate model according to the need of simulation and type of their
watershed.
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CHAPTER IV
SENSITIVITY OF HYDROLOGY AND WATER QUALITY TO VARIATION IN LAND USE
AND LAND COVER DATA
4.1

Introduction
The modification of the earth’s surface caused by anthropogenic activities such as

urbanization, deforestation, and agricultural practices or by natural phenomena such as floods,
soil-erosion, landslides, and climate change are referred as land use and land cover (LULC) change
(Abdulkareem et al., 2019; Hassan et al., 2016; Imran, 2019). Change in LULC is responsible for
alterations in ecosystems and environmental processes at local, regional and global levels
(Gebremicael et al., 2019; Gyamfi et al., 2016). Changes in LULC have led to global warming,
loss of agricultural land , degradation of soil and water quality, expansion of urban areas, etc.
(Hassan et al., 2016).Thus, LULC change is a very important topic of study as they relate to climate
change, and changes in urbanization, agriculture, forestry, geology, hydrology, and other
ecosystem services.
Assessment of the effects of LULC change on hydrology and water quality can provide
critical inputs to the decision making during development of watershed management and
ecological restoration strategies (Gyamfi et al., 2016; Hassan et al., 2016; Nie et al., 2011). To
date, most of the research, on how LULC change affects hydrology and water quality, has been
focused on evaluating changes in channel discharge in response to LULC change over a period of
more than a decade (Dinka and Klik, 2019; Ghaffari et al., 2010; Hernandez et al., 2000). However,
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characteristics of agricultural land also vary seasonally, according to cropping and harvesting
operations conducted in the watershed, each year. LULC change for an agricultural watershed like
the Big Sunflower River watershed (BSRW) is a continuous process and the hydrological behavior
of the watershed varies significantly for different seasons within a year. Thus, there is a need to
study the changes in hydrology and water quality within the watershed as a response to the seasonal
variations in the LULC data. Spring, summer and fall seasons were considered for the analysis of
seasonal variation in the study area while winter was not been considered in this study as the
climate of BSRW is characterized by very short duration of severe cold weather (NOAA NCEI,
2020).
LULC change analysis is usually performed using remote sensing data obtained using
satellite imagery or aerial photographs. With the development of remote sensing technologies and
the availability of satellite data such as Land remote-sensing satellite system (LANDSAT),
Moderate resolution imaging spectral-radiometer (MODIS), and other spaceborne high resolution
(HR) and very high resolution (VHR) sensors, effective methods have been developed for the
analysis of land cover change (Goldblatt et al., 2018; Patel et al., 2015).
Much research has been conducted to quantify how climate and land use change impact
the hydrologic cycle and water quality. For example, climate and land-use change impacts on
streamflow, nitrogen, and phosphorus were examined for a Canadian river basin where a change
in streamflow was due to climatic variability, whereas the change in nutrient concentration was
due to alteration in land-use (Khoury et al., 2015). The hydrologic model, Soil and Water
Assessment Tool (SWAT), incorporating spatial and temporal dynamics of land use and land
cover, was effective in simulating streamflow, sediment and nutrient yield for Bagmati River
Basin, located in Kathmandu, Nepal (Pokhrel, 2018). Impacts of LULC change in surface runoff,
78

percolation, baseflow and evapotranspiration (ET) were evaluated for the upper San Pedro
watershed located in Sonora, Mexico and southeastern Arizona, USA providing quantitative
information to the stakeholders for better watershed management plan (Nie et al., 2011). A study
conducted at Lake Tahoe, a sub-alpine lake, located in the state of California and Nevada, USA
found that nutrients concentration varied according to the seasonal alterations in groundwater
recharge (Naranjo et al., 2019).
Although there are numerous studies related to hydrology and water quality in response to
long term LULC change, there is limited literature to date that evaluates watershed processes based
on dominant seasonal LULC data (Dinka and Klik, 2019; Ghaffari et al., 2010; Hernandez et al.,
2000).
The objectives of this study are to (a) develop a LULC data layers for spring, summer, and
fall, (b) perform accuracy assessment of those data layers, and (c) use them in the SWAT model
to analyze sensitivity of change in seasonal LULC data layers to streamflow, sediment yield, and
nutrient load.
4.2
4.2.1

Material and methods
Study Area

The area selected for this study is the BSRW, a major sub-watershed of the Yazoo River Basin,
located within the lower part of Mississippi River Alluvial Plain, also known as Mississippi Delta.
It lies in the northwestern part of Mississippi between the latitude of 32° 30´N to 34° 25´N and
longitude of 91°10´E to 90°13´E. It covers an area of 10,500 km2 and falls within ten different
counties in Mississippi. Elevation of the BSRW watershed ranges from nearly flat to undulating
gentle slopes from around 15 to 60 meters above mean sea level. It is an agricultural watershed,
with agricultural fields covering about 70% of the total land in BSRW. The major types of soil
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include Sharkey, Dowling, Forestdale, Alligator and Dundee, all of which have higher percentages
of clay and silt. The location map of BSRW is shown in Figure 4.1.

Figure 4.1

4.2.2

Location map of Big Sunflower River Watershed in Mississippi, its sub-watersheds,
river network, weather stations, and USGS gauges

Landsat image
Landsat images from 2014 to 2018 were used to obtain seasonal LULC data layers. Landsat

satellites have been continuously providing images of the earth’s land surface since 1972
(Goldblatt et al., 2018). The temporal resolution of the Landsat is 16 days. The Landsat Ecosystem
Disturbance Adaptive Processing System (LEDAPS), a National Aeronautics and Space
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Administration (NASA) project, have processed the Landsat Thematic Mapper I and Enhanced
Thematic Mapper Plus (ETM+) imagery into surface reflectance scenes for North America using
atmospheric correction procedures that was originally developed for the Moderate Resolution
Imaging Spectroradiometer (MODIS) instruments (Masek et al., 2012, 2006). These surface
reflectance scenes are very helpful for the research on LULC since it does not have atmospheric
scattering or absorption and is measured at ground level. Cloud free Landsat 8 OLI Level-2 images,
having higher image quality, were used in this study. They are generated using the Land Surface
Reflectance Code (LaSRC) algorithm (Version 1.4.1), which makes use of the coastal aerosol band
to perform aerosol inversion tests, auxiliary climate data from MODIS, and a radiative transfer
model (Vermote et al., 2016). Landsat Level-2 surface reflectance image produced by USGS
Landsat Science team are corrected for atmospheric errors such as aerosol scattering and thin
clouds, and can be used directly for research purpose (USGS Landsat Missions, 2020). As the
Landsat 8 data are available from 2013 till date, the images from 2014 to 2018 for each month
were downloaded from USGS Global Visualization Viewer (https://glovis.usgs.gov) (GLOVIS,
2020). The Landsat 8 OLI has nine spectral bands including a panchromatic band. Band 1 to band
7 have a resolution of 30 meters while band 8, a panchromatic band has a resolution on 15 meters
and band 9, a cirrus band has a resolution of 30 meters. Bands 1 to 7 of the downloaded image
were selected for this study. Those bands were layer stacked using ArcGIS after which the two
scenes of the image for our watershed area were mosaicked and clipped using the watershed
boundary.
4.2.3

LULC Classification
Several parametric and non-parametric classification methods are available for LULC

classification. Maximum likelihood (ML) method is one the extensively used parametric methods.
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It is based on Bayes’ Theorem and assumes a single normal distribution of the samples per class
in the feature space. Variances and covariances of the signatures classes are used to assign each
raster-cell a pre-defined class (Ritchie et al., 2018). Different classes are characterized by the mean
vector and the covariance matrix with the assumption that the distribution of a class sample is
normal. Non-parametric classification methods like support vector machine (SVM) and random
forest (RF) do not make any assumptions regarding data distribution and they do not require any
statistical parameters to identify classes. SVM is based on concept of maximization and can be
used for data with heterogeneous classes and limited numbers of training samples (Melgani and
Bruzzone, 2004). Decision tree (DT) classification methods on the other hand divide a dataset into
smaller subsets through tests defined at each part in the tree (Friedl and Brodley, 1997). DTs are
further broken down into roots, nodes, and leafs. DTs are open-source software and thus can be
helpful in lowering the cost of classification. Random forest classifier (RF) develops multiple
decision trees in classifying images (Welch, 2019) and each decision tree is generated from
different subsets of the training data. This method is comparatively accurate and can handle several
input variables at a time (Peng et al., 2019).
The Maximum Likelihood(ML) Classification algorithm available in ArcGIS was applied to
classify Landsat images to develop LULC data layers for each month in this study because of its
robust abilities and its availability in almost every image processing software (Lu and Weng,
2007). These data layers were then combined to produce seasonal LULC data layers. This method
is one of the widely used supervised classification techniques.
Multiple LULC data layers of BSRW for each month from 2014 to 2018 were developed by
classifying cloud free Landsat images. The images were classified to water, forested wetlands,
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cultivated, barren, and urban. The year was divided into three seasons: January to April as spring,
May to August as summer, and September to December as fall.
4.2.4

Development of seasonal LULC data layer
The numerical values were given to each class in the monthly LULC data layers. The data

layers from 2014 to 2018 were then added together according to the months in spring, summer,
and fall using raster calculator tool in ArcGIS. The resulting data layers were then reclassified
again as water, forest, cultivated, barren, and urban according to resultant pixel value to produce
dominant LULC data layers representing each season. Those seasonal LULC data layers were used
in SWAT to analyze differences in runoff, sediment yield, and nutrient concentration due to
changes in seasonal LULC data layers.
4.2.5

Accuracy Assessment
The accuracy of the classification describes the agreement of classified image with

reference to ground truth data and is performed generally using confusion or error matrix (Foody,
2002). The error matrix provides a cross-tabulation of a mapped classes against the ground truth
reference data and helps to characterize accuracy metrices. The accuracy of the LULC data layers
for each season was assessed by comparing the classified seasonal data layer with Landsat images
of the respective seasons. A set of random points for ground truth data or reference data were
created for the accuracy assessment using error matrix. Some of these points were also validated
by visiting the study area. About 50 points for each class including water, forest, cultivated land,
barren land, and urban areas were considered for accuracy assessment.
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4.2.5.1

Error matrix and the accuracy Metrices
An error matrix is one of the quantitative methods for characterizing the accuracy of

classified images. It is a square array denoting the correspondence between a classified data layer
and the ground truth data. The rows in the matrix indicate the class of classified data layer while
the columns indicate the ground truth data or reference data. A sample error matrix for five classes
is shown in Table 4.1.
Table 4.1

Representation of error matrix for a data layer classification having five
different classes

Classified data layer
Class 1
Class 2
Class 3
Class 4
Class 5
Total

Reference data
Class 1
Class 2
C11
C12
C21
C22
C31
C32
C41
C42
C51
C52
Cn1
Cn2

Class 3
C13
C23
C33
C43
C53
Cn3

Class 4
C14
C24
C34
C44
C54
Cn4

Class 5
C15
C25
C35
C45
C55
Cn5

Total
C1n
C2n
C3n
C4n
C5n
Cnn

The diagonal values indicate the accuracy of the classification while non-diagonal values
indicate the error between the classified data and its corresponding reference data. Producer’s
accuracy (PA), user’s accuracy (UA), overall accuracy (OA), and kappa coefficient were computed
using an error matrix. PA or the omission error (OE) gives the indication of accuracy of each class
where pixels of a known class are classified as something other than that class. Similarly, UA or
the commission error (CE) indicates the accuracy of each class where pixels are incorrectly
classified as a known class when they should have been classified as something else.
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4.2.5.1.1

Overall accuracy

The overall accuracy (OA) indicates the accuracy of all the classes included in image
classification and informs what proportion of the entire area is classified correctly. The diagonal
cells of the error matrix contain the number of correctly classified pixels. The overall accuracy
(OA) of the classification is obtained by dividing the sum of correctly classified pixels by the total
number of reference pixels. It is usually expressed as a percent. From a similar error matrix
generated in this study as shown in Table 1, the OA was calculated by summing the pixels in the
diagonal and dividing them by total number of pixels in the error matrix as Equation 4.1.
𝑂𝐴 =

𝐶11 + 𝐶22 + 𝐶33 + 𝐶44 + 𝐶55
𝑁

(4.1)

where C11, C22, C33, C44, and C55 are the correctly assigned pixels for each class; and N is
the total number of pixels for all the classes considered in the accuracy assessment.

4.2.5.1.2

Kappa coefficient

The kappa coefficient is a measure of the difference between actual agreement and the
agreement expected by chance. It is one of the standard measures used in accuracy assessment and
has been recommended by several studies as it resolves the issue of correct allocation of a class by
coincident (Foody, 2002; Rosenfield and Fitzpatrick-Lins, 1986; Smits et al., 1999). The kappa
coefficient is generated using a statistical test and its value can vary from -1 to 1. A value less than
0 indicates that the classification is no better than a classification obtained by chance and a value
near 1 indicates that the classification is significantly better than a classification obtained by
chance. A kappa coefficient ≥ 0.80, represents strong agreement and good accuracy while a
kappa coefficient ≤ 0.40 is considered poor (Rwanga and Ndambuki, 2017). From a similar
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error matrix generated in this study as shown in Table 1, the kappa coefficient was computed by
Equation 4.2.
𝑁 ∑𝑘𝑖=1 𝐶𝑖𝑖 − ∑𝑘𝑖=1(𝐶𝑖+ × 𝐶+𝑖 )
𝑘𝑎𝑝𝑝𝑎 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 =
𝑁 2 − ∑𝑘𝑖=1(𝐶𝑖+ × 𝐶+𝑖 )

(4.2)

where, Cii is the correctly assigned pixel for ith class, Ci+ marginal total of row for class I;
C+I is the marginal total of column for class i; k is the total number of classes; and N is the total
number of pixels considered in accuracy assessment.
4.2.6

SWAT
SWAT is an extensively applied watershed scale model that can simulate hydrology and

water quality and predict the impacts of different land use change and best management practices
(BMPS) at a watershed scale (Neitsch et al., 2002). The modelling tool delineates the watershed
using digital elevation model (DEM) and divides it into sub-basins. Sub-basins are further divided
into hydrologic response units (HRUs), a unique combination of land use, soil, and slope, after
incorporation of land use and soil data in the model. The time series data of precipitation,
temperature, relative humidity, solar radiation, and wind speed along with management operation
are provided to the model which helps in determination of quantities such as surface runoff,
evapotranspiration, infiltration, sediment yield, groundwater recharge, water quality outputs etc.
at each HRU, sub-basins and reach segments of the watershed (Neitsch et al., 2005, 2002).
The SWAT model has been successfully implemented in simulating streamflow, sediment
yield, and the nutrient load from a watershed (Dakhlalla et al., 2016; Ni and Parajuli, 2018; Parajuli
et al., 2013; Risal and Parajuli, 2019). Streamflow is the discharge of water in streams or any water
body and is one of the main components of runoff generated from the land surface. In SWAT,
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streamflow is estimated using SCS curve number method (Neitsch et al., 2005). The
sediment eroded by sheet, rill, gully, and streambank erosion are transported through the streams
and are estimated in SWAT using the Modified Universal Soil Loss Equation (MUSLE) (Neitsch
et al., 2005). Similarly, nutrients like nitrogen and phosphorous are the essential micro-nutrients
required for crop growth the excess amount of these nutrients, transported to the water body,
severely deteriorates the water quality of streams, rivers, lakes and shallow groundwater (Lory,
2018). They are estimated in SWAT considering their supply and demand (Neitsch et al., 2005).
In the current study, three seasonal LULC data layers were individually applied to the
SWAT with other inputs being same in order to analyze difference in streamflow, sediment yield,
and nutrient concentration as response to the seasonal LULC change.
4.2.6.1

SWAT input
SWAT input requirements include: Digital Elevation Model (DEM), LULC data layer, Soil

fata layer, and daily time-series of meteorological data such as precipitation, maximum and
minimum temperature, relative humidity, solar radiation, and wind speed. A 30 meters resolution
DEM of 3D Elevation Program (3DEP) series, provided by United States Geological Survey
(USGS, 2020), was obtained from National map viewer (http://viewer.nationalmap.gov).
Soil Survey Geographic (SSURGO) data was obtained from United States Department of
Agriculture

(USDA),

Natural

Resource

Conservation

Service

(NRCS)

(https://www.nrcs.usda.gov) (NRCS, 2020). Meteorological data was derived from National
Oceanic and Atmospheric Administration (NOAA) (https://www.ncdc.noaa.gov) (NOAA NCEI,
2020).
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4.2.6.2

SWAT calibration and validation
Multisite SWAT calibration and validation was performed for streamflow, sediment yield,

total nitrogen and total phosphorous at the outlets of sub-basin 5, sub-basin 10 and sub-basin 17
of BSRW situated at the USGS gauges 728820 (Marigold), 7288500 (Sunflower) and 788650
(Leland) respectively as shown in Fig 1. Streamflow was calibrated from January 2013 to
December 2015 and validated from January 2016 to December 2019 using observed monthly
discharge obtained from the three USGS gauges. Similarly, sediment yield, total nitrogen, and total
phosphorous were calibrated from November 2013 to December 2014 and validated from January
2015 to December 2016 at the outlets of sub-basin 5, sub-basin 10, and sub-basin. Calibration and
validation were based on measured daily total suspended solid (TSS), total nitrogen (TN), and total
phosphorous (TP). These data were obtained every fifteen days from 2013 to 2016. The calibration
and validation period for sediment yield, total nitrogen, and total phosphorous was shorter than
that for streamflow because of the limitation of observed data.
Automatic calibration of streamflow, sediment yield, total nitrogen, and total phosphorous was
performed using the Sequential Uncertainty Fitting (SUFI-2) algorithm within SWAT Calibration
and Uncertainty Procedures (SWAT-CUP) package (Abbaspour, 2013). The R-factor and P-factor,
which were computed by SUFI-2, were used to predict model uncertainty. T-statistics and P-value
were used to perform sensitivity analysis.
The model performance during calibration and validation was analyzed using the
coefficient of determination (R2) (Draper and Smith, 1966), and Nash Sutcliffe Efficiency (NSE)
(Nash and Sutcliffe, 1970). These two statistics are widely used and reliable measures for
comparing observed and simulated data. The value of NSE ranges from -∞ to 1 and R2 ranges from
0 to 1. Values of 1, for both statistics, are considered perfect (Krause et al., 2005; Nash and
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Sutcliffe, 1970). In general, if NSE is greater than 0.50, model simulation can be considered as
satisfactory (Moriasi et al., 2007).The parameters used, their range, and the calibrated values for
streamflow, sediment yield, total nitrogen, and total phosphorous are shown in Table 4.2, Table
4.3, Table 4.4, and Table 4.5 respectively.
Table 4.2

Parameters*

SWAT parameters for the calibration of streamflow, sediment yield, total
nitrogen and total phosphorous in the Big sunflower river watershed
Fitted
value

Description

Minimum
value

Maximum
value

Initial SCS runoff curve
r__CN2.mgt
number for moisture
-0.09
-0.24
0.05
condition II
v__ALPHA_BF.gw
Base flow alpha factor (days) 0.14
-0.28
0.57
v__GW_DELAY.gw
Groundwater delay (days)
516.07 273.02
759.10
Threshold depth of water in
v__GWQMN.gw
the shallow aquifer for return 1.34
0.67
2.01
flow to occur (mm H2O)
Available water capacity of
r__SOL_AWC(1).sol
0.37
0.05
0.68
first soil layer
Soil evaporation
v__ESCO.bsn
1.05
0.67
1.42
compensation factor
Manning's n (roughness) for
v__CH_N2.rte
0.35
0.07
0.62
channel
Groundwater re-evaporation
v__GW_REVAP.gw
1.07
0.53
1.59
coefficient
Surface runoff lag time
v__SURLAG.bsn
8.37
2.55
14.18
(days)
*
V_ indicates existing parameter was replaced by the fitted value, and r_ indicates existing
parameter value is multiplied by (1+ fitted value).
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Table 4.3

Parameters*

SWAT parameters for the calibration of sediment yield in the Big sunflower
river watershed
Fitted
value
0.27
0.61

Description

v__CH_COV1.rte
v__CH_COV2.rte

Minimum
value
0.12
0.48

Maximum
value
0.53
0.61

Channel cover factor 1
Channel cover factor 2
Monthly channel erodibility
v__CH_ERODMO().rte
0.53
0.48
1.03
factor
Exponent parameter for
v__SPEXP.bsn
calculating sediment re1.10
0.96
1.28
entrained in channel
Linear parameter for
calculating the maximum
v__SPCON.bsn
amount of sediment re0.00
-0.01
0.00
entrained during channel
sediment routing
Universal Soil Loss Equation
v__USLE_P.mgt
(USLE) management
0.87
0.84
1.29
practice factor
r__SLSUBBSN.hru
Average slope length
0.44
0.19
0.41
r__HRU_SLP.hru
Average slope steepness
-0.99
-1.37
-0.77
Universal Soil Loss Equation
r__USLE_K(1).sol
(USLE) soil erodibility factor 0.46
0.02
0.55
of first soil layer
*
V_ indicates existing parameter was replaced by the fitted value, and r_ indicates existing
parameter value is multiplied by (1+ fitted value).
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Table 4.4

Parameters*

SWAT parameters for the calibration of total nitrogen in the Big sunflower
river watershed
Fitted
value

Description

Minimum
value

Maximum
value

Concentration of nitrogen in
2.51
1.05
3.96
rainfall
Nitrogen percolation
v__NPERCO.bsn
0.01
-0.24
0.26
coefficient
Rate constant for hydrolysis
v__BC3.swq
of organic nitrogen to NH4 in 0.41
0.32
0.49
reach
Benthic source rate for NH4v__RS3.swq
2.67
1.96
3.38
N in reach
Rate coefficient for organic
v__RS4.swq
0.39
0.27
0.51
nitrogen settling in reach
Organic nitrogen enrichment
v__ERORGN.hru
3.03
2.25
3.82
ratio
V_ indicates existing parameter was replaced by the fitted value, and r_ indicates existing
parameter value is multiplied by (1+ fitted value).
v__RCN.bsn

Table 4.5

Parameters*

SWAT parameters for the calibration of total phosphorous in the Big
sunflower river watershed
Fitted
value

Description

Minimum
value

Maximum
value

Humus mineralization rate
v__CMN.bsn
factor of active organic
0.001
0.001
0.003
nutrient
Phosphorus soil partitioning
v__PHOSKD.bsn
119.40 100
300
coefficient
Phosphorus percolation
v__PPERCO.bsn
12.81
10
15
coefficient
Rate constant for decay of
v__BC4.swq
organic phosphorus to
0.17
0.01
0.7
dissolved phosphorus
Benthic source rate for
v__RS2.swq
dissolved phosphorus in
0.39
0.005
0.5
reach
Organic phosphorus settling
v__RS5.swq
0.05
0.05
1
rate in reach
*
V_ indicates existing parameter was replaced by the fitted value, and r_ indicates existing
parameter value is multiplied by (1+ fitted value).
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4.3
4.3.1

Results
Seasonal LULC data layer
The LULC data layer from summer showed that about 60% of the total land was cultivated

whereas the percentage of cultivated land during fall and spring were just 20 % and 5%,
respectively. The majority of the agricultural lands during spring and fall were barren. The
percentage of urban, forest, and water, for all three seasons, was almost constant with around 21%,
12% and 1%, respectively. The seasonal LULC data layers for spring, fall, and summer are shown
in Figure 4.2.

Figure 4.2

The land-use and land-cover data layer for spring (January to April), summer (May
to August), and fall (September to December)
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4.3.2

Accuracy of Seasonal data layer
The seasonal LULC data layer for all three seasons were characterized by higher precision

with overall accuracy ranging from of 87% to 92% and kappa coefficient ranging from 0.84 to
0.90. The producer’s accuracy and user’s accuracy for different classes ranged from 68% to 100%
and 75% to 100 %, respectively. The different accuracy matrices for summer, fall and spring are
summarized in Table 4.6.
Table 4.6

Class

Accuracy metrices of individual class, Overall accuracy and Kappa coefficient
for summer fall and spring

Summer
Producer’s
Accuracy
0.81
1.00

Water
Forest
Cultivated
0.98
land
Barren
0.68
land
Urban
0.91
Overall
Accuracy
Kappa
Coefficient

4.3.3
4.3.3.1

User’s
Accuracy
1.00
1.00

Fall
Producer’s
Accuracy
0.81
0.94

User’s
Accuracy
1.00
0.98

Spring
Producer’s
Accuracy
0.94
0.80

User’s
Accuracy
1.00
0.98

0.76

0.90

0.87

0.94

0.88

0.96

0.98

0.90

1.00

0.80

0.75

0.95

0.89

0.87

0.95

0.87

0.92

0.91

0.84

0.90

0.88

Model performance
Streamflow
For the calibration of streamflow, nine parameters were used. Among them, four

parameters namely: initial SCS runoff curve number for moisture condition II (CN2), available
water capacity of first soil layer (SOL_AWC (1)), ground water delay (GW_DELAY), and
manning's roughness coefficient for channel (CH_N2) were highly sensitive having an absolute
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value of a T-stat greater than 4 and a P-value less than 0.0001. The groundwater re-evaporation
coefficient (GW_REVAP) was the least sensitive parameter with a T-stat of 0.33 and a P-value of
0.7.
The statistics obtained during the calibration and validation of streamflow were reasonable
with an R2 ranging from 0.65 to 0.92 and an NSE ranging from 0.60 to 0.91. The summary of
statistics for calibration and validation of streamflow at sub-basin 5, sub-basin 10, and sub-basin
17 of BSRW are presented in Table 4.7 and the graph showing time series of observed and
simulated streamflow during its calibration and validation at sub-basin 5 is presented in Figure 4.3.
Table 4.7

Statistics obtained during calibration and validation of streamflow at the outlet of
three sub-basins of Big Sunflower River watershed

Sub-basin 5
Sub-basin 10
Sub-basin 17

Calibration
R2
0.76
0.79
0.77

NSE
0.62
0.75
0.75
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Validation
R2
0.65
0.75
0.92

NSE
0.60
0.74
0.91

Figure 4.3

4.3.3.2

Observed and simulated streamflow during calibration and validation of streamflow
at sub-basin 5 of Big Sunflower River watershed

Sediment yield
For the calibration of sediment yield, nine parameters were used. Among them, five

parameters namely: average slope steepness (HRU_SLP), universal soil loss equation- soil
erodibility factor of first soil layer (USLE_K (1)), universal soil loss equation-management
practice factor (USLE_P), channel cover factor 2(CH_COV2), and monthly channel erodibility
factor (CH_ERODMO) were highly sensitive with absolute value of a T-stat greater than 2 and a
P-value less than 0.02. The exponent parameter for calculating sediment re-entrained in channel
(SPEXP) was the least sensitive with a T-stat of 0.09 and a P-value of 0.9.
The statistics obtained during the calibration and validation of sediment yield were
satisfactory with an R2 ranging from 0.59 to 0.75 and an NSE ranging from 0.30 to 0.48. The
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statistics obtained during calibration and validation of sediment yield at sub-basin 5, sub-basin 10,
and sub-basin 17 of BSRW are summarized in Table 4.8 and the graph showing time series of
observed and simulated sediment yield during its calibration and validation at sub-basin 5 is
presented in Figure 4.5.
Table 4.8

Sub-basin 5
Sub-basin 10
Sub-basin 17

Figure 4.4

Statistics obtained during calibration and validation of sediment yield at the
outlet of three sub-basins of Big Sunflower River watershed
Calibration
R2
0.75
0.67
0.59

NSE
0.48
0.42
0.39

Validation
R2
0.59
0.72
0.66

NSE
0.30
0.31
0.32

Observed and simulated sediment yield during calibration and validation of
sediment yield at sub-basin 5 of Big Sunflower River watershed
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4.3.3.3

Total nitrogen
For the calibration of total nitrogen, six parameters were used. Among them, the nitrogen

percolation coefficient (NPERCO) and the concentration of nitrogen in rainfall (RCN) were highly
sensitive with a T-stat greater than 2 and a P-value less than 0.01. The benthic source rate for NH4N in reach (RS3) was the least sensitive parameter with a T-stat of -0.5 and a P-value of 0.5.
The R2 and NSE obtained during the calibration and validation of total nitrogen were
satisfactory with an R2 ranging from 0.45 to 0.80 and a NSE ranging from 0.19 to 0.69. The
summary of statistics obtained during calibration and validation of total nitrogen at sub-basin 5,
sub-basin 10, and sub-basin 17 of BSRW are presented in Table 4.8 and the graph showing time
series of observed and simulated total nitrogen load during its calibration and validation at subbasin 5 is presented in Figure 4.5.
Table 4.9

Sub-basin 5
Sub-basin 10
Sub-basin 17

Statistics obtained during calibration and validation of total nitrogen at the
outlet of three sub-basins of Big Sunflower River watershed
Calibration
R2
0.59
0.78
0.80

NSE
0.32
0.31
0.69
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Validation
R2
0.45
0.33
0.48

NSE
0.20
0.19
0.23

Figure 4.5

4.3.3.4

Observed and simulated total nitrogen load during calibration and validation of total
nitrogen at sub-basin 5 of Big Sunflower River watershed

Total phosphorous
For the calibration of total phosphorous, six parameters were used. Among them, the rate

constant for decay of organic phosphorus to dissolved phosphorus (BC4), phosphorus soil
partitioning coefficient (PHOSKD), and phosphorus percolation coefficient (PPERCO) were seen
to be highly sensitive with the T-stat greater than 2.6 and a P-value less than 0.009 while the humus
mineralization rate factor of active organic nutrient (CMN) was found to be the least sensitive with
the T-stat of 0.6 and a P-value of 0.5.
The calibration and validation statistics of total phosphorous were satisfactory with an R 2
ranging from 0.67 to 0.91 and an NSE ranging from 0.49 to 0.77. A summary of calibration and
validation statistics of total phosphorous at sub-basin 5, sub-basin 10, and sub-basin 17 of BSRW
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are presented in Table 4.10 and the graph showing time series of observed and simulated total
phosphorous load during its calibration and validation at sub-basin 5 is presented in Figure 4.6.
Table 4.10

Sub-basin 5
Sub-basin 10
Sub-basin 17

Figure 4.6

Statistics obtained during calibration and validation of total phosphorous at the
outlet of three sub-basins of Big Sunflower River watershed
Calibration
R2
0.85
0.91
0.81

NSE
0.77
0.51
0.49

Validation
R2
0.67
0.80
0.67

NSE
0.65
0.75
0.56

Observed and simulated total phosphorous load during calibration and validation of
total phosphorous at sub-basin 5 of Big Sunflower River watershed
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4.3.4
4.3.4.1

Effect of seasonal LULC data layers
Streamflow
The average streamflow was slightly higher during summer for all the four sub-watersheds

than that during spring and fall. The average streamflow at the watershed outlet was observed to
be 185.75 m3/sec in summer while that for spring and fall were 164.82 m3/sec and 181.12 m3/sec
respectively. Average streamflow at the outlet of sub-watersheds 5 ,10,17, and 30 of BSRW for
spring, summer and fall seasons are shown in Figure 4.7.
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Figure 4.7

Average streamflow at four sub-basins of the Big Sunflower River watershed for
spring, summer and fall

The average precipitation in the BSRW was highest in spring (636 mm) while rainfall
during summer and fall were 439 mm and 455 mm respectively. The average monthly precipitation
was highest during March and April (182 mm and 176 mm respectively) and lowest during
September and August (84 mm and 93 mm respectively).
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4.3.4.2

Sediment yield
The average sediment concentration was higher in summer for all the sub-watersheds in

comparison to that in spring and fall despite the reduced average rainfall during summer. The
average sediment concentration at the watershed outlet was observed to be 10.92 mg/L in summer
while that for spring and fall were 3.10 mg/L and 3.27 mg/L respectively. Average sediment
concentration at the outlet of sub-basin 5, 10, 17, and 30 for spring, summer and fall are shown in
Figure 4.8.
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Figure 4.8

Figure 8: Average sediment concentration at three calibrating sub-basins of Big
Sunflower river watershed for spring, summer and fall

Although average precipitation was lower during the summer than spring or fall, average
sediment concentration was higher during the summer. This is due to tillage during late spring and
early summer before planting. In addition, increased flow from irrigation is responsible for higher
soil erosion and sediment yield in the BSRW. Although conservation tillage practices such as notill, strip-till, and mulch-till are encouraged to reduce soil erosion, more than 75% farmers in
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Mississippi Delta still use conventional tillage prior to planting corn and soybean to create uniform
seedbed and eliminate competition from weeds (Snipes et al., 2005).
Tillage induces soil erosion and is one of the responsible factors for the increase in sediment yield
from agricultural watersheds (Zhao et al., 2018). This watershed scale study was conducted to
assess the impact of tillage practices on stream flow, crop and sediment yields at the BSRW,
Mississippi. Results show that conventional tillage produced higher sediment yield than reduced
tillage.(Parajuli et al., 2016).
4.3.4.3

Total nitrogen
The average total nitrogen concentration during fall was higher compared to the spring and

summer for all four sub-watersheds. The average total nitrogen concentration at the watershed
outlet was 136 Mg in the fall while that for spring and summer were 54 Mg and 92 Mg respectively.
Average total nitrogen concentration at the outlets of sub-basins 5, 10, 17, and 30 for spring,
summer and fall are shown in Figure 4.9.
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Figure 4.9

4.3.4.4

Average total nitrogen concentration at three sub-basins of the Big Sunflower River
watershed for spring, summer and fall

Total phosphorous
The average amount of total phosphorous concentration was higher in spring compared to

summer and fall. The average total phosphorous yield at the watershed outlet was 325 Mg in spring
while that for summer and fall were 245 Mg and 285 Mg respectively. Average total phosphorous
concentrations at the outlet of sub-basins 5, 10, 17 and 30 for spring, summer and fall are shown
in Figure 4.10.
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Figure 4.10

4.4

Average total phosphorous concentration at three sub-basins of the Big Sunflower
River watershed for spring, summer and fall

Discussion and conclusions

This study investigated the variation in surface runoff, sediment, and nutrient yield due to seasonal
changes in land use and land cover for an agricultural watershed. This was accomplished by using
multiple LULC data layers for three different seasons in the SWAT model. These kinds of seasonal
variations cannot be observed using a single LULC data layer such as the cropland data layer
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(CDL) or the national land cover dataset (NLCD), as they use the LULC data layer created mostly
from the images taken in summer.
The seasonal LULC data layers for spring, summer, and fall were obtained by combining
monthly LULC data layers whose overall accuracy ranged between 87% and 92% and the kappa
coefficient ranged between 0.84 to 0.90. These statistics suggest that the classified data layers
generated represented respective seasons well. Three seasonal LULC data layers were used in
SWAT and three separate models were developed.
The SWAT model was calibrated and validated for streamflow, sediment yield, total
nitrogen and total phosphorous. The statistical values of R2 and NSE obtained during the
calibration and validation of streamflow was in accordance to the results of previous modelling
studies conducted in the BSRW (Dakhlalla et al., 2016; Ni and Parajuli, 2018; Parajuli et al., 2016;
Risal and Parajuli, 2019). Calibration and validation statistics were not much affected by the
change in seasonal LULC data layer and were reasonable according to the standard set in a
comprehensive review article based on more than 250 worldwide SWAT application studies
(Gassman et al., 2007). Similarly, the statistics during simulation of sediment yield were also
reasonable as sediment loading is driven by surface runoff and streamflow (Qi et al., 2020). The
calibration and validation of sediment concentration at the three USGS gauging stations within
BSRW were also found to be consistent with the previous SWAT calibration and validation results
(Dakhlalla et al., 2016; Ni and Parajuli, 2018; Risal and Parajuli, 2019). Likewise, the calibration
and validation of TN and TP were found satisfactory except for few exceptions caused by
limitation of observed data (Moriasi et al., 2007). The observed data at certain periods were
abnormally high and were responsible for lower value of statistics. The TN and TP simulations
were consistent with previous calibration and validation results for BSRW (Risal and Parajuli,
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2019). Even though it is desirable to calibrate the major constituents of nitrogen and phosphorous
loading such as organic nitrogen/phosphorous and mineral nitrogen/phosphorous rather than TN
and TP, the individual constituents could not be calibrated due to the unavailability of monitoring
data for each constituent (Arnold et al., 2012).
The average streamflow at the watershed outlet during summer (185 m 3/sec) was highest
than the average streamflow during spring (164 m3/sec) and fall (181 m3/sec) even though the
average rainfall received during summer (439 mm) was lower than the average rainfall received
during spring (636 mm) and fall (455 mm). This is due to the additional irrigation supplied to the
fields through groundwater pumping. Due to the seasonal distribution of rainfall in BSRW region,
supplemental irrigation is required to maximize crop yield. The crops in BSRW were planted in
late April, harvested in early September and irrigated periodically during July to early August. The
application of irrigation in the field was simulated using the auto-irrigation function of SWAT.
Similarly, a study conducted in 18 Indian sub-continental river basins showed that irrigation is
responsible for increases in surface runoff and streamflow in an agricultural watershed (Shah et
al., 2019). The observed flow data also suggests greater flows in summer compared to fall or
spring. Apart from increased crop productivity through required water supply during the dry period
of the year, irrigation may also lead to increase in surface runoff and sediment transport if the
method of irrigation is not appropriate (Peddi and Kumar, 2019; Raeisi-Vanani et al., 2017).
Like streamflow, average sediment concentration at the watershed outlet was highest
during summer (10.92 mg/L) than during spring (3.10 mg/L) and fall (3.27 mg/L). This is due to
the tillage operation conducted during late spring and early summer before planting. In addition,
increased flow from irrigation is responsible for higher soil erosion and sediment yield in the
BSRW. Although conservation tillage practices such as no-till, strip-till, and mulch-till are
108

encouraged to reduce soil erosion, more that 75% of farmers in the Mississippi Delta still use
conventional tillage prior to planting corn and soybean to create uniform a seedbed and eliminate
competition from weeds (Snipes et al., 2005). Tillage induces soil erosion and is one of the
responsible factors for the increase in sediment yield from an agricultural watershed (Zhao et al.,
2018). A previous watershed scale study conducted to assess the impact of tillage practices on
stream flow, crop and sediment yields at the BSRW, Mississippi showed that conventional tillage
produced higher sediment yield than reduced tillage.(Parajuli et al., 2016).
On the other hand, average total nitrogen yield was lowest during spring (54 Mg) and
highest during fall (136 Mg) due to the inability of plants to uptake all of the nitrogen fertilizer
and washing off of unused nitrogen after runoff events. Nitrogen is added to the soil by different
means such as fertilizer application, manure and plant residue application, rainfall, or fixation by
symbiotic and non-symbiotic bacteria. Nitrogen is removed from the soil through plant uptake,
leaching, denitrification, volatilization, and erosion. (Neitsch et al., 2005). Mineral nitrogen
applied to corn and cotton during the last week of April and the crop residues left in the field after
harvest in early September are responsible for high level of total nitrogen during the fall as only a
small portion of applied fertilizer is up-taken by crops (Moreno et al., 2018). Moreover, crop
residue left on the field in the fall after harvest also contributes total nitrogen wash off during
runoff caused by rainfall.
Likewise, the average total phosphorous at the watershed outlet was highest in spring (325
Mg) and lowest in summer (245 Mg) due to the soluble nature of phosphorous which becomes
readily available for transport in surface runoff and the ability of crops like soybean to accumulate
phosphorous in the soil. Phosphorous is applied to soil through fertilizer, manure, and residue and
removed by soil through plant uptake and erosion. The average amount of precipitation during the
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spring was higher than that in summer and fall. The total phosphorous concentration was also
highest in spring. Phosphorous is highly soluble in water and is readily available for transport with
surface runoff (Neitsch et al., 2005). Unlike nitrogen which is usually considered mobile,
phosphorous is capable of easily combining with other ions to form insoluble compounds and
precipitate out of soil and wash off with rainwater. The phosphorous present in the soil was mostly
discharged by surface runoff during heavy rainfall events in the spring (Neitsch et al., 2005;
Sharpley and Syers, 1979). As the major crop grown in the BSRW is soybeans, which is capable
of accumulating soil phosphorous (Reddy et al., 1999), the total phosphorous concentration was
lowest throughout summer during which the fields were planted with soybean.
This study is very valuable to the scientific community as it explains the variability of
hydrologic and water quality components within a year not only due to changes in hydrology and
agricultural practices, but also due to seasonal changes in land-use and land-cover patterns.
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CHAPTER V
EVALUATE THE IMPACT OF BEST MANAGEMENT PRACTICES ON STREAMFLOW,
SEDIMENT AND NUTRIENT YIELD AT FIELD AND WATERSHED SCALE
5.1

Introduction
Agricultural production has been considerably increased in the United States over the past

century due to extension of farm lands, advancements in farm machineries, development of genetic
engineering, and application of pesticides and chemical fertilizers (Capel, 2017). Chemical
fertilizers containing nutrients like nitrogen and phosphorous are applied to the cropland to
increase yield but the excess amount of these nutrients, transported to the water body, severely
deteriorates the water quality of surface and groundwater (Lory, 2018). In United States, more
than eleven billion kilograms of nitrogen was applied to the agricultural fields, about fifty percent
of which was drained to the water sources (Capel, 2017). Nitrogen and phosphorous coming out
of the agricultural land are responsible for water quality degradation and environmental hazards
like eutrophication and harmful algal bloom ( Sharpley and Wang, 2014; Bhandari et al., 2017).
Pollution caused by these nutrients must be reduced through alternative management practices
without compromising the agricultural productivity. The nutrient and water transport processes at
a field and watershed scale should be understood before assessing the management practices for
the mitigation of nutrient pollution and conservation of water body. Watershed scale models like
Soil and Water Assessment Tool (SWAT) (Arnold et al., 1998), Hydrologic Simulation ProgramFortran (HSPF) (Bicknell et al., 1997), and
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Annualized Agricultural Non-Point Source

(AnnAGNPS) (Bingner et al., 2001) and field scale models like Chemicals Runoff and Erosion
from

Agricultural

Management

Systems

(CREAMS)

(Knisel,

1980),

Agricultural

Policy/Environmental Extender ( APEX) (Williams et al., 2006), and Water Erosion Prediction
Project (WEPP) (Flanagan et al., 2001) have been extensively applied for the simulation of runoff,
sediment and nutrients along with evaluation of different management practices (BMPs).
SWAT has been extensively used, around the globe, to evaluate hydrology and water
quality at both field and watershed scale ( Saleh et al., 2000; Santhi et al., 2001; Gitau et al., 2008;
Daggupati et al., 2011; Sinnathamby et al., 2017; Merriman et al., 2018; Uribe et al., 2018). The
output of watershed scale SWAT was applied to the field scale SWAT and the impact of input data
on effectiveness of BMPs was accessed for Black Kettle Creek watershed in Arkansas River
watershed (Daggupati et al., 2011). SWAT was applied to the field scale watershed in Michigan
for the evaluation of BMPs and found that zero tillage with cover crop significantly reduce nitrate
while vegetative filter strips along the edge of agricultural field considerably reduced sediment
yield and phosphorus (Merriman et al., 2018). The practice of conservation tillage at Fuquene Lake
watershed reduced sediment yield and surface runoff by 26% and 11% respectively while it
increased TN and TP by 2% and 18% respectively (Uribe et al., 2018). SWAT has been applied to
the Big Sunflower River Watershed (BSRW), Mississippi and different types of structural and
agricultural BMPs have been evaluated at the watershed scale (Parajuli et al., 2013; Dakhlalla et
al., 2016; Ni and Parajuli, 2018; Risal and Parajuli, 2019). However, study on assessment of BMPs
at field scale in Mississippi are very limited. Efficacy of a BMP at a field scale may be different
than that for a watershed scale. Moreover, very few studies, on simultaneous analysis of BMPs at
field and watershed scale, have been conducted in Mississippi. Therefore, the objectives of this
study are to (a) develop a watershed scale SWAT for the BSRW and a field-scale SWAT for
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Stovall Sherard Watershed (SSW) within BSRW (b) calibrate and validate both watershed and
field scale SWAT for stream-flow, sediment, TN, and TP, and (c) evaluate different modelling
scenarios based on different BMPs to examine their effectiveness in the reduction of streamflow,
sediment, and nutrient yield.
5.2
5.2.1

Materials and Methodology
Study area
BSRW, located at the Mississippi River alluvial plain (Mississippi Delta), was selected for

the evaluation of BMPs at watershed scale and Stovall Sherard Watershed (SSW), a field scale
watershed located within BSRW was selected for the evaluation BMPs at field scale. BSRW has
a drainage area of 10,500 square kilometers while the drainage area of SSW is just 120 square
kilometers. The topography of the BSRW ranges from flat to gentle undulating slope below 60
meters above mean sea level. The major types of soil found in the BSRW includes Alligator,
Dowling, Dundee, Forestdale, and Sharkey while the major soil types for SSW were Dowling,
Dundee, and Sharkey. Greater portion of BSRW, around 70% of watershed was covered by
agricultural fields (soybean, corn and rice), 15 % by wetlands/forest, and remaining 15% by
pasture, urban and other crops (Parajuli et al., 2013; Dakhlalla et al., 2016; Risal and Parajuli,
2019).Similarly, about 60 % of SSW was covered by soybeans, 16 % by cotton, 11 % by wetlands
and remaining 13 % by urban, pasture and other crops. The average annual temperature for the
study area was 18 °C and the average annual precipitation was 1,371 mm (Ouyang, 2012; Gao et
al., 2019). The BSRW and SSW were selected as the study area for the evaluation of BMPs’ impact
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at watershed and field scale because many structural and non-structural BMPs have already been
implemented at the watershed. The location of BSRW and SSW is shown in figure 5.1.

Figure 5.1

Location of the Big Sunflower river watershed and Stovall Sherrard watershed along
with weather stations, USGS gauge, and monitoring stations
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5.2.2

Model description
Soil and Water Assessment Tool (SWAT) is a physically based and continuous time

simulation hydrologic/water quality model developed by United States Department of AgricultureAgricultural Research Service (USDA ARS). This model is capable of predicting water, sediment,
nutrient, and pesticide yield from the watersheds (Neitsch et al., 2002). Apart from this, it is also
used to analyze the impact of land management practices on hydrology and water quality of the
watershed. It has been extensively applied to various watersheds in analyzing BMPs impact on
hydrology and water quality (Gitau et al., 2008; Dakhlalla et al., 2016; Merriman et al., 2018; Ni
and Parajuli, 2018).
ArcSWAT (ArcSWAT, 2020) was used in this study. Spatial data on topography, land
cover, soil types, and weather data are the basic input of ArcSWAT. Topographic data, Digital
Elevation Model (DEM) was obtained from 3D Elevation Program (3DEP) of United States
Geological Survey (USGS, 2020). 30-meter DEM was used for the delineation of BSRW while
10-meter DEM was used for the delineation of SSW. Land use and land cover (LULC) data layer,
as required for the BSRW was obtained from USDA National Agricultural Statistics Service
(USDA NAAS, 2020) while the LULC data layer for SSW was developed by classifying cloud
free Landsat images obtained for each month from 2014 to 2018. Similarly, soil data layer for both
BSRW and SSW were obtained from Soil Survey Geographic database (SSURGO,2020). A daily
time step meteorological data, as required by both field and watershed scale models, precipitation,
temperature, relative humidity, solar radiation, and wind speed were derived from National
Oceanic and Atmospheric Administration (NOAA NCEI, 2020). Likewise, agricultural
management data like planting/harvesting schedule, fertilization, irrigation, tillage, and
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conservational operation were derived from Mississippi State University Agricultural And
Forestry Experiment Station (MAFES, 2020).
5.2.3

Model calibration and validation
Sequential Uncertainty Fitting (SUFI-2) algorithm within SWAT autocalibration tool

called SWAT Calibration and Uncertainty Procedures (SWAT-CUP) (Abbaspour, 2013) was used
in the autocalibration of both field and watershed scale watersheds for streamflow, sediment yield,
TN, and TP. Apart from calibration and validation of model, SWAT-CUP is also capable of
performing uncertainty and sensitivity analysis. The performance of SWAT during calibration and
validation were evaluated using coefficient of determination (R2) (Draper and Smith, 1966) and
Nash Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 1970) since they are widely used statistics
and can effectively assess predictive power of the models.
BSRW SWAT (watershed scale) was calibrated and validated for streamflow at site A
(USGS gauge: 07288500), site B (USGS gauge: 07288280), and site C (USGS gauge: 07288500)
within the watershed, from 2005 to 2010 and 2011 to 2016 respectively using monthly streamflow
data (Risal and Parajuli, 2019). Similarly, it was calibrated for sediment yield, TN and TP using
data collected every fifteen days at site A, site B, and site C from 2013 to 2014 and validated from
2015 to 2016 (Risal and Parajuli, 2019; Risal et al., 2020).
SSW SWAT (field scale) was calibrated and validated for streamflow, from 2006 to 2011
and 2012 to 2017 respectively, at the outlet of SSW, located at the outlet of a sub-basin (sub-basin
2) of the BSRW. In the same way, calibration and validation of field scale SWAT for sediment
yield, TN, and TP was conducted using data collected on every fifteen days at Site D (outlet of
sub-basin 5 of SSW) and Site E (outlet of sub-basin 20 of SSW). Data for site D from 2014 to
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2016 was used for the calibration and the data for site E from 2014 to 2016 was used for the
validation.
The parameters: initial SCS runoff curve number for moisture condition II (CN2), ground
water delay (GW_DELAY), available water capacity of first soil layer (SOL_AWC (1)), and
manning's roughness coefficient for channel (CH_N2) were sensitive to streamflow at watershed
scale (Risal et al., 2020) and the parameters: CN2, GW_DELAY, and SOL_AWC (1) were
sensitive to streamflow at field scale. Similarly, the parameters: universal soil loss equation
(USLE) management practice factor (USLE_P), USLE soil erodibility factor for first soil layer
(USLE_K (1)), average slope steepness (HRU_SLP), monthly channel erodibility factor
(CH_ERODMO), and channel cover factor 2 (CH_COV2) were sensitive to sediment yield at
watershed scale (Risal and Parajuli, 2019; Risal et al., 2020) and the parameter, USLE_P was the
most sensitive to sediment yield at field scale. Likewise, the parameters: nitrogen percolation
coefficient (NPERCO) and concentration of nitrogen in rainfall (RCN) were sensitive to TN at
watershed scale (Risal and Parajuli, 2019; Risal et al., 2020) and the parameters: organic nitrogen
enrichment ratio (ERORGN) and nitrogen percolation coefficient (NPERCO) were sensitive to
TN at field scale. In the same way, the parameters: phosphorus soil partitioning coefficient
(PHOSKD), rate constant for decay of organic phosphorus to dissolved phosphorus (BC4), and
phosphorus percolation coefficient (PPERCO) were sensitive to TP at watershed scale (Risal and
Parajuli, 2019; Risal et al., 2020) and the parameters: humus mineralization rate factor of active
organic nutrient (CMN) and phosphorus soil partitioning coefficient (PHOSKD) were sensitive to
TP at field scale.
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5.2.4
5.2.4.1

BMP scenarios
Check Dams
Sediment and nutrients can be effectively intercepted by check dam, a small wooden or

rock dam across the watercourse. Check dams are simulated as pond using pond module in SWAT
since it uses similar method for modelling pond, check dams, and wetlands (Arnold et al., 2012).
The conceptual pond module of SWAT was used to simulate check dam at the outlet of the subbasins. Effect of the check dam in reduction of nutrient yield was accessed by adjusting the
parameters: fraction of sub-basin draining into pond (PND-FR), surface area of pond when filled
to principle spillway (PND_PSA), volume of water needed to fill pond to the principle spillway
(PND_PVOL), initial volume of water in pond (PND_VOL), nitrogen settling rate in pond (
NSETLP), phosphorous settling rate in pond (PSETLP) and number of days to reach target storage
(NDTARG).
For the evaluation of effect of check dam at BSRW and SSW, equivalent ponds of varying
dimension and parameters were placed at the outlets of each sub-basins according to the actual
length of reach in the respective sub-watershed.
5.2.4.2

Vegetative Filter Strip
The overland nutrient runoff can be prevented from reaching from the water body with the

use of filter strip, a vegetated area built at the edge of the field. Effect of width of vegetative filter
strip in reduction of nutrient yield was accessed by adjusting the parameter FILTERW in SWAT.
Though the efficiency of the vegetative filter strip is affected by factors such as type of vegetation,
amount of runoff , and types of soil, the SWAT uses a simplified equation to evaluate trapping
efficiency of vegetative filter strip based on width of filter strip (Neitsch et al., 2005).
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Although a vegetative filter strip of width 10 meter was found to be the most efficient ( around
91%) in trapping sediment according to the 16 different studies based on 181 events all around the
world (Luo, 2019), width of 10 meters, 20 meters and 30 meters were used in the current study to
analyze effect of various filter strip widths. Other parameters: fraction of total runoff from the
entire field entering most concentrated 10 % of VFS (VFSCON), field area to VFS area ratio
(VFSRATIO), and fraction of flow through the most concentrated 10% of channelized VFS
(VFSCH) were set to the recommended value of 0.5, 50 and 0 (Waidler et al., 2011).
5.2.4.3

Tailwater Pond
Nutrient concentration coming from the agricultural runoff can be controlled through the

settlement of sediment and associated nutrients in an artificial pond constructed near the outlet of
the field, known as tailwater pond. Since the method used in SWAT for simulating pond, wetlands,
and check dams are similar, the conceptual pond module was used to evaluate effect of tailwater
pond in reduction of nutrient yield (Arnold et al., 2012). Effect of tailwater pond in reducing
nutrients was evaluated by adjusting parameters: fraction of sub-basin draining into pond (PNDFR), surface area of pond when filled to principle spillway (PND_PSA), volume of water needed
to fill pond to the principle spillway (PND_PVOL), initial volume of water in pond (PND_VOL),
nitrogen settling rate in pond( NSETLP), phosphorous settling rate in pond (PSETLP), and number
of days to reach target storage (NDTARG).
For the evaluation of tailwater pond at the watershed scale, equivalent ponds of varying
dimension and parameters were placed at the outlet of each sub-basin, according to the actual
surface area of existing open water in each sub-basin of BSRW. Similarly, for the field scale study,
the open water in the SSW was digitized and the surface area of the open water was used as an
equivalent surface area of the tailwater pond that are placed at three sub-basins of SSW. The
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average depth of the tailwater pond was considered to be 3 meters to prevent the growth of aquatic
weeds (NRCS, 1997). The location of the open water in the SSW along with their surface area is
presented in Table 5.1.
Table 5.1

Location and surface area of tail water ponds located in the SSW

Open water
Pond A
Pond B
Pond C

5.2.4.4

Surface area (hector)
7.1
1.3
24.5

Sub-basin
5
12
20

Nutrient Management
Water quality improvement can be achieved through reduction of excessive nutrient runoff

which is achieved by managing amount, time, and application method of manure and fertilizers.
Reduction in amount of nitrogen and phosphorous by reducing the amount of applied fertilizer was
accessed at BSRW and SSW. Most of the fields in SSW were cultivated with soybean. Since
soybean can utilize the atmospheric nitrogen required for plant growth, nitrogen fertilizer is not
applied during the cultivation of soybean in most situations (Deibert et al., 1979). In the current
study, the effects of fertilizer reduction rates regarding nitrogen and phosphorus loads were
assessed for watershed scale study and reduction in only phosphorus loads was assessed for the
field scale study. Recommended amount of elemental nitrogen and phosphorous was applied to
the field in the spring before planting as a base scenario and further scenarios were developed by
reducing the recommended amount of fertilizers by 10%, 20%, and 30% in order to analyze their
effect in water quality.
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5.2.4.5

Tillage Management
Water quality can be enhanced through the management in tillage operation which reduces

the flow, sediment yield and eventually the nutrients associated with them. Different conventional
and conversational tillage techniques were adopted using SWAT management operation to
evaluate the effect of tillage operation in reducing runoff, sediment yield and nutrient loads.
Conventional, conservational and zero tillage operations were evaluated by varying their mixing
efficiencies and tillage depths. Three tillage practice scenarios were considered for the simulation
of their effect in hydrology and water quality at field and watershed scale. The depth and mixing
efficiency for the tillage operations considered in this study are given in Table 2 (Tripathi et al.,
2005).
Table 5.2

Different tillage treatments applied to the SWAT along with tillage depth and
mixing efficiency (Tripathi et al., 2005)

Tillage operation
Conventional Tillage
Conservation Tillage
Zero Tillage

5.3
5.3.1

Tillage depth (mm)
75
40
10

Mixing Efficiency
0.5
0.25
0.05

Results
Calibration and validation
During the calibration and validation of watershed scale SWAT for streamflow, the

statistics: R2 and NSE for all the three sites A, B, and C were very good. The values of R2 were in
the range of 0.74 to 0.88 and that of NSE were in the range of 0.71 to 0.86 (Risal and Parajuli,
2019).
Similarly, the statistical values of R2 and NSE obtained during the streamflow calibration
of field scale SWAT at site D of SSW were 0.77 and 0.64 respectively and that during validation
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at site E of SSW were 0.81 and 0.72 respectively. The observed and simulated streamflow during
the calibration and validation of field scale SWAT at the outlet of SSW (outlet of sub-basin 2 of
BSRW) along with the statistics obtained during calibration and validation are presented in Figure
5.2.

Figure 5.2

Observed and simulated streamflow during calibration and validation of field scale
SWAT at the outlet SSW (outlet of sub-basin 2 of Big Sunflower River watershed)
along with the statistics

The statistics obtained during the calibration and validation of watershed scale SWAT for
sediment yield at site A, B, and C of BSRW were satisfactory with R2 ranging from 0.33 to 0.63
and NSE ranging from 0.41 to 0.81 (Risal and Parajuli, 2019).
Similarly, the observed and simulated sediment yield during calibration at site D and
validation at the site E of the field scale watershed along with the statistics obtained during
calibration and validation are presented in Figure 5.3.
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Figure 5.3

Observed and simulated sediment yield during calibration at the sub-basin 5 (site
D), and validation at the sub-basin 20 (Site E) of the Stovall Sherard Watershed

TN calibration and validation of watershed scale SWAT at site A, B, and C of BSRW
showed that the model performed satisfactorily during the simulation of TN with the value of R2
lying between 0.32 to 0.85 and the value of NSE lying between 0.30 to 0.54 (Risal and Parajuli,
2019).
Likewise, the observed and simulated TN load during the calibration of SWAT at the subbasin 5 (site D), and validation at the sub-basin 20 (Site E) of the field scale watershed along with
the statistics obtained during calibration and validation is given in Figure 5.4.
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Figure 5.4

Observed and simulated total nitrogen (TN) load during calibration at the sub-basin
5 (site D), and validation at the sub-basin 20 (Site E) of the Stovall Sherard
Watershed

Calibration and validation of TP for watershed scale SWAT at site A, B, and C of BSRW
showed that the model performed satisfactorily during the simulation of TP with the value of R2
falling between 0.43 to 0.93 and the value of NSE falling between 0.27 to 0.45 (Risal and Parajuli,
2019).
In the same manner, the observed and simulated TP load during the calibration of SWAT
at the sub-basin 5 (site D) of the field scale watershed and validation at the sub-basin 20 (Site E)
of the field scale watershed along with the statistics obtained during calibration and validation is
given in Figure 5.5.
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Figure 5.5

5.3.2

Observed and simulated total phosphorous (TP) load during calibration at the subbasin 5 (site D), and validation at the sub-basin 20 (Site E) of the Stovall Sherard
Watershed

Effect of BMPs at field Scale

The effect of five different BMPs on streamflow, sediment yield, TN, and TP at the outlet of SSW
was analyzed. Though, the BMPs had very insignificant effect on streamflow, their effect on
reduction of sediment yield and nutrients load was significant. Average reduction in streamflow,
sediment yield, TN, and TP by the application of different BMPs at field scale is presented in Table
5.3.
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Table 5.3

BMP Operation

Table 3: Summary of the performance of BMPs in reduction of flow, sediment
yield, TN and TP for Stovall Sherard Watershed
Detail

Check dam
Tailwater pond
Nutrient
management

Filter strip
Tillage
management

10 % reduction in applied
fertilizer
20 % reduction in applied
fertilizer
30 % reduction in applied
fertilizer
10-meter width
20-meter width
30-meter width
Conservation tillage
Zero tillage

Flow
(%)
0
0

Sediment yield
(%)
5
5

TN
(%)
15
16

TP
(%)
11
15

0

0

0

3

0

0

0

6

0

0

0

10

0
0
0
0
0

9
11
12
1
1

71
88
99
-10
-25

73
89
100
2
0

Installation of check dams at the outlets of sub-basins of SSW did not have significant
effect on streamflow as it reduced streamflow by less than 1 % but contributed in reduction of
sediment yield, total nitrogen and total phosphorous load at the outlet of watershed by 5 %, 15 %
and 11 % respectively.
Tailwater ponds built at the outlets of sub-basins of SSW had insignificant effect on
streamflow but reduced of sediment yield, total nitrogen and total phosphorous load at the outlet
of watershed by 5 %, 16 % and 15 % respectively.
Average reduction in total phosphorous load at the outlet of watershed was proportional to
the reduction in rate of fertilizer applied to the agricultural field in the watershed. Nutrient
management had no effect on streamflow, sediment yield and total nitrogen load as most of the
fields in the watershed are cultivated with soybean and nitrogen fertilizer is not applied to the
soybean field (Deibert et al., 1979). Reduction in total phosphorous load at the outlet of the
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watershed by 10 %, 20 % and 30 % reduction in applied fertilizer were 3 %, 6% and 10 %
respectively.
Like other BMPs, vegetative filter strip of different width had also no significant effect on
streamflow at the outlet of the watershed. The well managed vegetative filter strip of width 10
meters, 20 meters and 30 meters at the edge of agricultural fields reduced sediment yield by 9 %,
11 %, and 12 % at the outlet of watershed. Reduction in total nitrogen at the outlet of the watershed
by the well managed vegetative filter strip of width 10 meters, 20 meters and 30 meters were 71%,
88 % and 99% while reduction in total phosphorous was 73 %, 89 % and 99% respectively
Tillage operations had no significant effect on streamflow at the outlet of the watershed.
On the other hand, conventional tillage operation produced higher sediment load but lower nutrient
load compared to conservation tillage and zero tillage operation. Both conservation tillage and
zero tillage operation were effective in reducing sediment yield by 1 % but they were not
convenient for reduction of nutrient load. Conservation tillage increased total nitrogen by 10 %
and reduced total phosphorous by 2 % while zero tillage operation increased total nitrogen by 25
% and had no effect on average total phosphorous load. Although conservation and zero tillage
showed increase in total nitrogen load, tillage operation did not have significant effect on average
total phosphorous load as most of the field in the watershed is covered by soybean and soybean is
able to accumulate phosphorus from soil and is not available to dissolve in runoff (Reddy et al.,
1999).
5.3.3

Effect of BMPs at the watershed Scale
The effect of five different BMPs on streamflow, sediment yield and nutrient load at the

outlet of BSRW was analyzed. Though, the BMPs showed very insignificant effect on streamflow,
their effect on reduction of sediment yield and nutrient load was significant. Average reduction in
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streamflow, sediment yield, total nitrogen load, and total phosphorous load by the application of
different BMPs at the watershed scale is presented in Table 5.4.
Table 5.4

BMP Operation

Table 4: Summary of the performance of BMPs in reduction of flow, sediment
yield, TN and TP for Big Sunflower River Watershed
Detail

Check dam
Tailwater pond
Nutrient
management

Filter strip
Tillage
management

10 % reduction in applied
fertilizer
20 % reduction in applied
fertilizer
30 % reduction in applied
fertilizer
10-meter width
20-meter width
30-meter width
Conservation tillage
Zero tillage

Flow
(%)
0
0

Sediment yield
(%)
12
27

TN
(%)
9
13

TP
(%)
2
3

0

0

22

3

0

0

24

6

0

0

26

8

0
0
0
0
0

12
33
38
1
2

29
74
87
-14
-26

42
89
99
-5
-13

Construction of check dams at the outlets of sub-basins of BSRW had no effect on
streamflow but it reduced sediment yield, total nitrogen and total phosphorous at the outlet of the
watershed by 12 %, 9 % and 2 % respectively.
Tailwater ponds built at the outlets of sub-basins of the BSRW did not have significant
effect on streamflow but had substantial effect in reduction of sediment yield, and nutrient load.
The water impoundment structure reduced sediment yield by 27 %, total nitrogen load by 13 %
and total phosphorous load by 3% at the outlet of the watershed.
Average reduction in nitrogen and phosphorous load at the outlet of watershed were
proportional to the reduction in rate of fertilizer applied to the agricultural field in the watershed.
Nutrient management had no effect on streamflow and sediment yield but had significant effect on
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reduction of nutrient load. Reduction in total nitrogen load at the outlet of the watershed by 10 %,
20 % and 30 % reduction in applied fertilizer were 22 %, 24 % and 26 % respectively and the
reduction in total phosphorous load were 3 %, 6% and 8% respectively.
Construction of vegetative filter strip of different width had no significant effect on
streamflow at the outlet of the watershed. The well managed vegetative filter strip of width 10
meter, 20 meters and 30 meters at the edge of agricultural fields reduced sediment yield by 12 %,
33 %, and 38 % at the outlet of watershed. Reduction in total nitrogen at the outlet of the watershed
by the well managed vegetative filter strip of width 10 meters, 20 meters and 30 meters were 29%,
74 % and 87% while reduction in total phosphorous was 42 %, 89 % and 99% respectively
Although tillage operation showed no significant effect on streamflow, conventional tillage
operation produced higher sediment load but lower nutrient load compared to conservation tillage
and zero tillage operation. Conservation tillage and zero tillage operation were effective in
reducing sediment yield as they reduced by 1 % and 2 % respectively. But they were not convenient
in reduction of nutrient load. Conservation tillage increased total nitrogen load by 14 % and total
phosphorous load by 5% while zero tillage operation increased total nitrogen load by 26 % and
total phosphorous load by 13% at the outlet of the watershed.
5.4

Discussions and Conclusion
SWAT was used to evaluate the effectiveness of different BMPs in reduction of

streamflow, sediment yield nutrient at both field and watershed scale. The BMPs applied in this
study did not have significant effect on streamflow at both field and watershed scale as the
streamflow is estimated in SWAT using the SCS runoff curve numbers (CN2) which is depends
mainly on type of soil and land cover data layer but is not much affected by management operations
(Maharjan et al., 2018; Uribe et al., 2018). However, the BMPs showed a significant effect on
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reduction of sediment yield and nutrient load. Among different management operations, well
managed vegetative filter strip was the most efficient practice in reducing sediment yield, total
nitrogen, and total phosphorous load at both field and watershed scale. The reduction of sediment
yield by well managed vegetative filter strips of various widths at field scale ranged from 8% to
12% percent while the range of its reduction at the watershed scale was from 12% to 38%.
Similarly, reduction of total nitrogen and total phosphorous by well managed vegetative filter
strips of different width for field scale ranged from 71% to 98% and 72 % to 99 % respectively
and that for watershed scale ranged from 29% to 87 % and 42% to 99 % respectively. Previous
studies on effect of vegetative filter strip on water quality have also showed that it is an effective
BMP that can reduce sediment yield by 35% and total phosphorous by 21 % (Jang et al., 2017).
Similarly, the tailwater pond was more effective in reducing total phosphorous at field scale
with average reduction of 14% whereas its average reduction of TP at watershed scale was just 2.
On the other hand, tailwater pond reduced sediment yield and total nitrogen by 5 % and 2 %
respectively at field scale and 27 % and 13 % respectively at watershed scale. The reduction of
sediment at watershed scale was also in accordance with the result of previous study on effect of
tailwater recovery pond at the current study watershed, the BSRW, which showed tailwater pond
was successful in reducing sediment yield by up to 20 % (Ni and Parajuli, 2018). The ponds applied
to the watershed scale SWAT model was seen to have reduced sediment yield by up to 58% from
the watershed (Zhang and Zhang, 2011). The effectiveness of the tailwater pond was dependent
mainly on the retention time of the pond (Edwards et al., 1999).
Likewise, check dam was more suitable BMP for reduction of total nitrogen and total
phosphorous at field scale as it showed average reduction of TN and TP by 15 % and 11 %
respectively but was effective in reduction of sediment yield at watershed scale with average
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reduction of sediment yield of 12%. Significant reduction in runoff and sediment load was
observed after construction of several check dams at Huangfuchuan basin, China whose reduction
rate for runoff and sediment was 24% and 28% during 1990 to 1999 and 65 % and 78 % their
reduction during 2000 to 2012 after addition of check dams (Li et al., 2017). Check dam is an
effective BMP for the retention of nutrients in the watershed along with the reduction in runoff
and sediment yield (Mongil-Manso et al., 2019).
In the same manner, the practice of nutrient management reduced total phosphorous load
up to 10 % for the field scale watershed but had no effect on sediment yield and total nitrogen
because most of the fields in SSW were cultivated with soybean and only fertilizer containing
phosphorous was applied to the field (Deibert et al., 1979). Maximum reduction in total nitrogen
and total phosphorous load by nutrient management at watershed scale were 26 % and 8%
respectively at the outlet of BSRW. The nutrient management applied to Haean highland
agricultural watershed located in South Korea also showed that it is an effective nutrient reduction
method as its removal efficiency for total nitrogen ranged from 4.9% to 16.4% and that for total
phosphorous ranged from 0.7 % to 7.9% (Jang et al., 2017).
Likewise, the application of conservation and zero tillage operation showed reduction in
sediment yield but increment of total nitrogen and total phosphorous load for both field scale and
watershed scale studies. The increase in nutrient load was observed due to incomplete mixing of
these nutrients on the surface soil, applied fertilizer, residual cover crops, and plant residues (
Tripathi et al., 2005; Uribe et al., 2018). The conventional tillage thoroughly blends the nutrient
like nitrogen and phosphorous available on the surface of the soil and thus cannot be dissolved
easily in the surface runoff after the occurrence of major rainfall event but conservational and zero
tillage helps in dissolving these nutrients in surface runoff producing higher nutrient load at the
136

outlet of the watershed. Several studies on effect of different tillage operations on nutrient load
have obtained similar results of higher nitrogen and phosphorous load under conservation tillage
than that under conventional tillage ( McDowell and McGregor, 1980; Alberts and Spomer, 1985;
Tripathi et al., 2005).
The reduction rate for streamflow, sediment yield, total nitrogen, and total phosphorous by
different BMPs at field and watershed scale were different due to the difference in resolution of
input DEM, LULC, and parameter values obtained during model calibration. DEM of 30 meters
by 30 meters resolution was applied to the watershed scale SWAT and the DEM of 10 meters by
10 meters resolution was applied to the field scale SWAT since 30 meters by 30 meters resolution
DEM was not able to delineate watershed and identify reaches for SSW. The field scale SWAT
model for SSW was developed because the watershed scale SWAT model developed for BSRW
was not able to simulate the watershed process and management activities at a field scale.
Moreover, BSRW, having a drainage area of 10500 square kilometers has comparatively higher
variety of land use type, soil and slope than SSW having drainage area of just 120 square
kilometers. Likewise, field scale SWAT is calibrated for sediment yield and nutrient loads at very
small field plots whereas watershed scale SWAT was calibrated at the outlet of sub-basin that
drains larger area than the area of entire SSW. Similarly, crop land data layer of 30 meters by 30
meters resolution obtained from USDA NAAS was applied to the watershed scale SWAT whereas
the LULC data layer, of 30 meters by 30 meters resolution, obtained by reclassifying Landsat
images from 2014 to 2018 was applied to the field scale SWAT because of its accuracy at small
scale. Due to the differences in area, landscape and input data for field and watershed scale SWAT,
the parameters obtained during their calibration were also different. Thus, there was variation in
reduction potential of BMPs for two models. However, both field and watershed scale SWAT can
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estimate the reduction potential of different BMPs individually at field and watershed scale
respectively.
The simulation results obtained from this study will provide a broad idea to other modelers
and decision makers in evaluating the current BMPs implemented and formulating decision
regarding proposed conservation practices for the reduction of surface runoff, sediment, and
nutrient yield at both field and watershed scale. This study is also beneficial to the scientific
community as this research can be foundation for the development, evaluation, and
implementation of new BMPS for the protection and conservation of water resources in future at
both field and watershed scale.
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CHAPTER VI
CONCLUSIONS
The key objectives of this study were to identify the nutrient sources within the BSRW and
quantify them to be used in model-SWAT, determine appropriate hydrologic and water quality
model to simulate hydrology and water quality of BSRW, evaluate SWAT considering spatial and
temporal variation in LULC data, and evaluate the effectiveness of different BMPs on surface
runoff, sediment yield and nutrient load at field and watershed scale. This study has identified
fertilizer runoff, livestock manure, and human waste as a main source of nutrients in BSRW, and
provided a suitable crop rotation and management practice for their efficient management.
Similarly, the study applied two models, SWAT and HSPF, for the simulation of streamflow,
sediment yield and nutrient load and found both the models had efficiency greater than 50 %,
where SWAT was more efficient compared to HSPF during simulation of streamflow and sediment
yield. Likewise, this study generated monthly LULC data layers for the BSRW, Mississippi by
classifying cloud-free Landsat images from 2014 to 2018 and combined them according to the
season to obtain seasonal LULC data layers. The overall accuracy ranging from 87% to 92% and
kappa coefficient ranging from 0.8 to 0.90 suggested that these seasonal LULC data layers can be
applied to SWAT. The study concluded that water-quantity and water-quality are sensitive to the
change in LULC data layers and seasonal LULC data will better explain variation in hydrology
and water quality as compared to the annual cropland data layer in SWAT. Moreover, different
BMP scenarios, such as check-dam, tailwater pond, vegetative filter strips, nutrient management,
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and tillage management were evaluated to access their efficacy in reducing runoff, sediment yield,
and nutrient load at field and watershed scale. Among different BMPs well managed vegetative
filter strip was the most efficient BMP in reducing sediment yield, TN, and TP at both field and
watershed scale.
This study can provide valuable methods and data in developing efficient nutrient
management strategy at both field and watershed scale. Moreover, this study can help select an
appropriate model for the simulation of different hydrological and water quality outputs according
to the need and type of watershed. Moreover, the use of seasonal LULC data layers is very
beneficial to the scientific community as they can provide further research opportunities in
utilizing remote sensing data in SWAT.
This current dissertation research has certain research limitations as it has not covered
certain areas that can be the subject of interest for future researchers. The research limitations of
all the four objectives of this dissertation and potential future studies are discussed below.
The main limitation of the first objective of this dissertation is the application of
meteorological station weather data instead of high-resolution satellite data. Remote sensing data
with a great time series such as TRMM (Tropical Rainfall Measuring Mission, GPM (Global
Precipitation Measurement), and Next Generation Weather Radar (NEXRAD) can provide more
accurate weather data than meteorological stations and thus they can be used in the future
modelling studies. Moreover, the first objective of this dissertation has identified fertilizer runoff,
livestock manure, and human waste from rural (using septic system) and urban (using sewer
system) population as a main source of nutrients in the BSRW. The septic system, when failed,
are considered as the potential point or non-point source of pollution, based on its distance from
water body. In the current study, failing septic system are analyzed based on rough approximation
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as forty percent of the total septic system are considered failed. In future studies, failed septic
system can be analyzed using seepage analysis and ground water change using remote sensing
technology such as application of GRACE (Gravity Recovery & Climate Experiment) data.
Similarly, the key limitation of the second objective of this dissertation is that, the study is
based on comparison of two models, SWAT and HSPF, according to calibration/validation
statistics and nutrient reduction potential of two BMPs at local level only. The results derived from
this study may not be valid for other similar watersheds. In future, the study based on comparison
of these two models according to purpose of modelling such as water balance, flood prediction,
water quality estimate, etc. can be performed providing guidelines for selecting the appropriate
model to simulate certain constituents according to size, type, and location of the watershed.
In the same way, the limitation of third objective of this dissertation is that it manually set
three individual SWAT models for three different seasons according to the land-use and land-cover
maps averaged for three different seasons: spring, summer and fall from 2014 to 2018. But, these
averaged maps may not provide correct representation of real condition since the seasonal map
may also change over simulation period. Thus, in future multiyear seasonal land use and land cover
maps may be applied in SWAT using interface for updating land-use in SWAT called SWATLUT. Moreover, the use of simplistic classification approach using maximum likelihood classifier
is also a limitation of this study. More advanced and robust image classification algorithms such
as Support Vector Machine (SVM), Random forest (RF), and Decision Tree (DT), that can yield
more accuracy, can be used in future studies.
Likewise, the limitation associated with the fourth objective of this dissertation is the lack
of uncertainty analysis of different BMPs applied at field and watershed scale and lack of
discussion of methods to overcome these uncertainties. Since the pollutant removal mechanisms
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of different BMPs in any model are not absolutely accurate, the nutrient concentration reduced by
them contain a lot of uncertainties. These uncertainties may arise from different sources. Future
studies on analysis of uncertainties in model input, model parameters, model structures, and
observed data associated with different BMPs can be performed along with the discussion on how
these uncertainties can be minimized.
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